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Abstract	  
Recent	  advances	  in	  sequencing	  technologies	  have	  provided	  an	  unprecedented	  window	  in	  
the	  unseen	  biological	  world.	  Accompanying	  this	  revolution	  is	  a	  growing	  appreciation	  for	  
the	  ubiquity	  and	  diversity	  of	  beneficial	  interactions	  between	  animals	  and	  the	  microbes	  they	  
carry.	  Given	  the	  symbiotic	  roles	  of	  microbes	  in	  host	  nutrition,	  immunity,	  behavior,	  
development,	  and	  nearly	  every	  other	  facet	  of	  host	  biology,	  it	  is	  becoming	  increasingly	  clear	  
that	  any	  understanding	  of	  hosts	  and	  their	  evolution	  would	  be	  incomplete	  without	  also	  
considering	  the	  microbial	  dimension.	  Yet	  despite	  the	  growing	  body	  of	  evidence	  that	  many	  
of	  these	  partnerships	  are	  rooted	  deep	  in	  evolutionary	  time,	  the	  majority	  of	  studies	  have	  
tended	  to	  focus	  on	  how	  the	  composition	  of	  the	  present-­‐day	  microbiome	  is	  shaped	  by	  
present-­‐day	  factors.	  In	  order	  to	  place	  the	  microbiome	  in	  the	  larger	  context	  of	  host	  biology,	  
a	  more	  complete	  understanding	  of	  the	  evolutionary	  interplay	  between	  hosts	  and	  their	  
microbial	  associates	  is	  needed.	  Here,	  I	  use	  Odontotaenius	  disjunctus,	  a	  large	  xylophagous	  
beetle	  found	  throughout	  eastern	  North	  America,	  to	  explore	  how	  its	  present-­‐day	  gut	  
microbiome	  has	  both	  shaped	  and	  been	  shaped	  by	  evolutionary	  processes	  that	  have	  acted	  
on	  the	  host.	  First,	  I	  show	  that	  recent	  evolution	  in	  O.	  disjunctus	  reflects	  the	  influence	  of	  
Pleistocene	  glaciation	  on	  the	  host’s	  demographic	  history.	  Next,	  I	  show	  that	  the	  present-­‐day	  
gut	  microbiome	  of	  O.	  disjunctus	  reflects	  both	  the	  influence	  of	  this	  recent	  host	  evolution	  and	  
the	  more	  ancient	  influence	  of	  natural	  selection	  that	  has	  acted	  on	  the	  host	  to	  maintain	  these	  
beneficial	  partnerships	  over	  a	  much	  longer	  timescale.	  Finally,	  I	  show	  that	  the	  persistence	  of	  
certain	  members	  of	  the	  gut	  microbiome	  over	  evolutionary	  time	  may	  be	  explained	  by	  their	  
role	  in	  host	  lignocellulose	  digestion.	  My	  findings	  demonstrate	  that,	  much	  like	  host	  
genomes,	  the	  microbiome	  has	  been,	  is	  being,	  and	  will	  continue	  to	  be	  shaped	  simultaneously	  
by	  forces	  of	  selection	  and	  neutrality	  along	  the	  arc	  of	  evolutionary	  history	  shared	  by	  these	  
intimate	  partners.	  	  	  
	  
	  
	   9	  
1 Introduction	  
	  
1.1 Form	  and	  Function	  of	  the	  Microbiome	  
	  
Renewed	  interest	  in	  the	  complex	  relationships	  between	  hosts	  and	  their	  microbiomes—the	  
complete	  set	  of	  microbes	  and	  their	  genetic	  material	  associated	  with	  a	  host—is	  challenging	  
the	  long-­‐held	  view	  of	  plants	  and	  animals	  as	  autonomous	  entities1–3.	  Made	  possible	  by	  
recent	  advances	  in	  sequencing	  technologies,	  beneficial	  interactions	  between	  hosts	  and	  
microbes	  are	  now	  believed	  to	  be	  more	  universal	  than	  previously	  thought.	  Indeed,	  the	  
potential	  involvement	  of	  symbiotic	  bacterial	  communities	  in	  fundamental	  processes	  of	  host	  
development4,5,	  behavior6–9,	  metabolism4,10–12,	  immunity13,14,	  and	  even	  evolution15–17	  has	  
shifted	  our	  understanding	  of	  plant/animal	  biology	  towards	  a	  view	  of	  the	  host	  as	  a	  
collection	  of	  symbiotic	  players	  acting	  as	  a	  single	  entity.	  Despite	  this	  ideological	  shift,	  we	  
still	  know	  very	  little	  about	  the	  ecological	  and	  evolutionary	  mechanisms	  underlying	  these	  
dynamic	  partnerships.	  	  
	  
Not	  surprisingly,	  normal	  host	  functioning	  is	  often	  tightly	  linked	  to	  the	  composition	  of	  the	  
microbiome	  in	  many	  plant	  and	  animal	  species	  14,18–21.	  Indeed,	  much	  of	  the	  recent	  interest	  in	  
understanding	  these	  communities	  has	  been	  motivated	  largely	  by	  similar	  observations	  in	  
our	  own	  species,	  where	  microbiome	  dysbiosis	  (i.e.	  abnormal	  conformation	  of	  bacteria)	  has	  
been	  associated	  with	  health	  conditions	  ranging	  from	  obesity	  22	  and	  diabetes	  23,	  to	  anxiety	  24	  
and	  autism	  25.	  Yet	  despite	  our	  awareness	  of	  the	  general	  connection	  between	  host	  health	  
and	  microbiome	  structure	  (i.e.	  who’s	  there?),	  our	  understanding	  of	  how	  and	  why	  these	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communities	  change	  through	  time	  and	  space	  and—more	  importantly—how	  these	  changes	  
relate	  to	  the	  host	  has	  been	  hampered	  by	  our	  inability	  to	  make	  sense	  of	  their	  tremendous	  
complexity	  26–28.	  At	  present,	  a	  better	  understanding	  of	  the	  processes	  shaping	  these	  
communities	  is	  needed	  to	  better	  place	  the	  microbiome	  in	  the	  context	  of	  host	  biology.	  	  	  	  
	  
1.2 Through	  the	  Rear-­‐View:	  Microbiomes	  in	  an	  Evolutionary	  Context	  	  
	  
While	  recent	  applications	  of	  community	  ecological	  theory	  to	  the	  microbiome29–32	  have	  
proved	  useful	  in	  explaining	  how	  and	  why	  these	  communities	  change	  over	  short	  timescales	  
(i.e.	  days,	  months),	  these	  frameworks	  do	  so	  largely	  outside	  the	  context	  of	  host	  evolution.	  
This	  is	  especially	  surprising	  considering	  the	  influence	  of	  host	  genetic	  variation	  on	  the	  
microbiome33.	  Curiously,	  though	  we	  recognize	  both	  that	  contemporary	  patterns	  of	  host	  
genetic	  variation	  have	  been	  shaped	  by	  evolution	  and	  that	  contemporary	  patterns	  in	  the	  
microbiome	  are	  shaped	  by	  host	  genetic	  variation,	  few	  studies	  have	  explicitly	  considered	  
the	  logical	  extension	  of	  this	  reasoning:	  how	  has	  the	  present-­‐day	  microbiome	  been	  shaped	  
by	  the	  evolutionary	  processes	  that	  have	  acted	  on	  hosts?	  	  
	  
At	  present,	  we	  have	  only	  begun	  to	  consider	  the	  microbiome	  in	  an	  evolutionary	  context.	  
Despite	  this,	  numerous	  recent	  examples	  demonstrate	  the	  ability	  of	  the	  microbiome	  to	  track	  
host	  evolution	  through	  time	  with	  remarkable	  fidelity.	  For	  example,	  Ochman	  et	  al.	  (2010)	  
found	  that	  the	  evolutionary	  relationships	  among	  co-­‐occurring	  wild	  ape	  species	  were	  re-­‐
capitulated	  by	  their	  microbiomes;	  similar	  patterns	  have	  been	  observed	  among	  species	  of	  
coral34,	  bats35,	  and	  parasitic	  wasps	  in	  the	  genus	  Nasonia36.	  More	  generally,	  the	  historical	  
influence	  of	  host	  evolution	  on	  the	  microbiome	  has	  been	  proposed	  to	  explain	  why	  the	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composition	  of	  the	  microbiome	  is	  often	  specific	  to	  a	  host	  species37.	  While	  studies	  
demonstrating	  parallel	  changes	  in	  the	  microbiome	  across	  species	  have	  revealed	  that	  the	  
microbiome	  can	  evolve,	  we	  have	  only	  begun	  to	  explore	  a	  much	  larger	  question—How?	  	  
	  
Recent	  theoretical	  frameworks	  for	  microbiome	  evolution16,38,39	  have	  largely	  focused	  on	  the	  
role	  of	  natural	  selection	  in	  this	  process.	  Common	  to	  nearly	  all	  of	  these	  frameworks	  are	  the	  
assumptions	  that	  (i)	  variation	  in	  the	  microbiome	  can	  be	  inherited	  when	  determined	  by	  
host	  genetic	  variation	  (ii)	  natural	  selection	  can	  act	  on	  this	  variation	  at	  the	  host	  level	  to	  drive	  
changes	  in	  both	  host	  genetic	  variation	  and	  heritable	  variation	  in	  the	  microbiome	  over	  time.	  
Thus,	  as	  beneficial	  alleles	  move	  to	  fixation	  in	  host	  populations	  over	  time,	  so	  do	  the	  bacteria	  
associated	  with	  these	  alleles.	  This	  process	  is	  believed	  to	  explain	  the	  evolution	  of	  specific	  
host	  mechanisms	  to	  ensure	  the	  presence	  of	  bacterial	  symbionts	  conferring	  essential	  
phenotypes40–42.	  A	  classic	  example,	  the	  evolution	  of	  sociality	  in	  termites	  has	  been	  suggested	  
to	  be	  an	  adaptation	  to	  facilitate	  the	  transmission	  of	  the	  symbiotic	  nitrogen-­‐fixing	  bacteria	  
that	  have	  in	  turn	  allowed	  their	  host	  to	  adapt	  to	  its	  nitrogen-­‐poor	  diet43.	  	  
	  
But	  if	  natural	  selection	  can	  act	  on	  heritable	  variation	  in	  the	  microbiome,	  wouldn’t	  the	  
microbiome	  also	  be	  subject	  to	  the	  full	  scope	  of	  evolutionary	  processes	  potentially	  acting	  on	  
hosts?	  For	  example,	  it	  has	  long	  been	  accepted	  that	  the	  vast	  majority	  of	  evolutionary	  change	  
at	  the	  host	  genetic	  level	  occurs	  not	  as	  a	  result	  of	  natural	  selection,	  but	  rather	  due	  to	  the	  
selectively	  neutral	  processes	  of	  genetic	  drift	  and	  mutation44.	  As	  with	  host	  evolution,	  being	  
able	  to	  tell	  the	  difference	  between	  adaptive	  and	  neutral	  changes	  in	  the	  microbiome	  could	  
provide	  important	  context	  into	  the	  relationship	  between	  hosts	  and	  their	  bacterial	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associates.	  Further,	  while	  the	  majority	  of	  studies	  have	  explored	  changes	  in	  the	  microbiome	  
rooted	  deep	  in	  evolutionary	  time15,45,46,	  might	  more	  recent	  evolutionary	  processes	  have	  
also	  shaped	  the	  microbiome?	  More	  specifically,	  though	  we	  often	  invoke	  evolutionary	  
processes	  to	  explain	  microbiome	  differences	  across	  species,	  the	  potential	  for	  host	  evolution	  
to	  explain	  differences	  within	  species	  has	  been	  largely	  unexplored.	  	  
	  
To	  illustrate	  the	  point	  in	  a	  shamelessly	  self-­‐indulgent	  way,	  it	  can	  be	  helpful	  to	  think	  of	  hosts	  
and	  microbiomes	  as	  partners	  on	  a	  long	  road	  trip.	  Though	  we	  are	  beginning	  to	  understand	  
how	  these	  partners	  are	  shaped	  over	  the	  long	  interstate	  highways	  of	  evolutionary	  history,	  
we	  have	  little	  idea	  of	  how	  they	  might	  be	  shaped	  after	  taking	  the	  exit	  ramp	  at	  their	  most	  
recent	  destination.	  And	  though	  we	  often	  look	  back	  into	  the	  rear-­‐view	  mirror	  to	  understand	  
how	  the	  microbiome	  has	  steered	  the	  course	  of	  host	  evolution,	  we	  know	  very	  little	  about	  
what	  it	  looks	  like	  when	  they	  may	  only	  be	  passengers	  along	  the	  way.	  	  
	  
1.3 Dissertation	  Aim	  
	  
In	  this	  dissertation,	  I	  will	  try	  to	  disentangle	  historical	  influences	  that	  have	  shaped	  the	  
present-­‐day	  microbiome	  of	  Odontotaenius	  disjunctus	  (Illiger)—a	  xylophagous,	  subsocial	  
beetle	  commonly	  found	  throughout	  eastern	  North	  America—across	  all	  evolutionary	  
timescales.	  	  
	  
1.4 Focal	  System:	  Odontotaenius	  disjunctus	  	  
	  
Odontotaenius	  disjunctus	  (Illiger)	  and	  its	  microbial	  associates	  present	  a	  unique	  opportunity	  
to	  study	  the	  processes	  influencing	  the	  microbiome	  across	  all	  time	  scales.	  Commonly	  know	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as	  the	  “bess	  beetle,”	  O.	  disjunctus	  is	  a	  large	  (up	  to	  3.5cm),	  slow,	  wood-­‐feeding	  beetle	  widely	  
found	  throughout	  the	  Eastern	  U.S.	  and	  Canada.	  Though	  winged,	  O.	  disjunctus	  individuals	  
rarely	  fly.	  An	  exception	  to	  this	  is	  during	  the	  nuptial	  flight,	  where	  recently	  matured	  adult	  
beetles	  leave	  their	  birth	  homes	  in	  search	  of	  a	  new	  log	  to	  colonize47.	  Upon	  colonizing	  a	  new	  
log,	  adults	  create	  tunnels	  within	  the	  log	  where	  they	  will	  eventually	  mate,	  lay	  eggs,	  and	  raise	  
larvae.	  During	  tunnel	  construction,	  O.	  disjunctus	  facilitates	  the	  decay	  process	  of	  the	  host	  log	  
by	  digesting	  recalcitrant	  lignocellulose	  polymers	  and	  subsequently	  lining	  the	  walls	  of	  
tunnels	  with	  pre-­‐digested	  fecal	  material47.	  	  Because	  few	  species	  possess	  the	  
lignocellulolytic	  capabilities	  needed	  to	  recycle	  nutrients	  contained	  within	  dead	  trees,	  O.	  
disjunctus	  is	  thought	  to	  be	  an	  important	  contributor	  to	  nutrient	  cycling	  and	  overall	  
ecosystem	  health.	  	  
	  
From	  an	  ecological	  standpoint,	  O.	  disjunctus	  is	  somewhat	  of	  an	  anomaly	  among	  beetles	  due	  
to	  its	  ability	  to	  survive	  on	  a	  diet	  of	  coarse,	  woody	  debris	  (i.e.	  xylophagy)	  and	  its	  social	  
nature.	  Though	  the	  vast	  majority	  of	  organic	  carbon	  on	  Earth	  is	  stored	  as	  lignocelluose—the	  
primary	  structural	  component	  of	  wood	  tissue—few	  insect	  species	  have	  evolved	  to	  rely	  on	  
woody-­‐tissue	  as	  a	  food	  source	  due	  to	  its	  recalcitrance	  and	  low	  nitrogen	  content43,48.	  Having	  
somehow	  overcome	  these	  metabolic	  barriers,	  O.	  disjunctus	  is	  able	  to	  survive	  on	  a	  diet	  
consisting	  solely	  of	  coarse,	  woody	  plant	  matter.	  Also	  unlike	  most	  beetle	  species,	  O.	  
disjunctus	  live	  together	  and	  raise	  young	  as	  family	  units.	  Perhaps	  most	  notably,	  O.	  disjunctus	  
practices	  parental	  care	  of	  offspring	  through	  proctodeal	  trophallaxis,	  whereby	  adult	  beetles	  
provide	  nutrients	  to	  larvae	  by	  defecating	  directly	  into	  their	  mouths47.	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Symbiotic	  partnerships	  between	  O.	  disjunctus	  and	  members	  of	  its	  gut	  microbiome	  may	  
underlie	  the	  evolution	  of	  both	  behaviors	  in	  the	  host	  species.	  There	  is	  a	  growing	  body	  of	  
evidence	  to	  suggest	  O.	  disjunctus	  relies	  upon	  its	  specialized	  gut	  microbiome	  to	  supplement	  
its	  nutrient-­‐poor	  diet	  and	  that	  proctodeal	  trophallaxis	  may	  have	  evolved	  as	  a	  persistence	  
mechanism	  to	  maintain	  these	  partnerships47,49–52.	  An	  early	  series	  of	  experiments	  by	  Pearse	  
et	  al.	  (1936)	  found	  that	  adults	  could	  readily	  feed	  and	  survive	  on	  sterilized	  wood,	  suggesting	  
this	  ability	  is	  not	  conferred	  by	  something	  in	  the	  environment.	  Additionally,	  the	  study	  
observed	  that	  larvae	  could	  not	  survive	  on	  either	  sterile	  wood	  or	  untreated	  wood	  unless	  
unsterilized	  parental	  fecal	  material	  was	  present.	  The	  findings	  of	  Pearse	  et	  al.	  (1936)	  have	  
since	  been	  interpreted50	  to	  suggest	  that	  proctodeal	  trophallaxis	  facilitates	  the	  transfer	  of	  
symbiotic	  microorganisms	  that	  can	  only	  be	  found	  in	  O.	  disjunctus	  to	  confer	  digestion	  to	  the	  
host.	  	  
	  
Though	  the	  identity	  of	  these	  symbionts	  and	  their	  contributions	  to	  O.	  disjunctus	  remain	  a	  
mystery,	  recent	  studies	  provide	  more	  direct	  support	  for	  a	  long-­‐term	  symbiosis	  between	  O.	  
disjunctus	  and	  its	  microbial	  associates.	  For	  example,	  Suh	  et	  al.	  (2003)	  demonstrated	  that	  
yeast	  strains	  in	  the	  O.	  disjunctus	  gut	  are	  capable	  of	  fermenting	  xylose,	  a	  secondary	  
compound	  produced	  during	  lignocellulose	  metabolism,	  and	  may	  be	  involved	  in	  host	  ATP	  
production	  by	  converting	  xylose	  to	  more	  readily	  fermentable	  substrates50.	  Consistent	  with	  
a	  history	  of	  long-­‐term	  vertical	  transmission,	  these	  strains	  appear	  to	  be	  highly	  conserved	  
across	  widely	  dispersed	  O.	  disjunctus	  specimens,	  highly	  genetically	  similar	  to	  each	  other,	  
and	  yet	  genetically	  distinct	  from	  previously	  characterized	  yeast	  strains.	  Though	  it’s	  unclear	  
whether	  O.	  disjunctus	  benefits	  from	  their	  ability	  to	  ferment	  xylose,	  the	  authors	  suggest	  the	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potential	  contributions	  of	  these	  yeasts	  to	  host	  fitness	  may	  explain	  why	  they	  appear	  to	  have	  
been	  transmitted	  within	  the	  host	  lineage	  with	  such	  fidelity	  over	  evolutionary	  time.	  	  	  
	  
Additionally,	  a	  recent	  study	  by	  Ceja-­‐Navarro	  et	  al.	  (2013)	  suggests	  O.	  disjunctus	  may	  rely	  on	  
contributions	  from	  symbiotic	  bacteria	  to	  offset	  the	  low	  nitrogen	  content	  of	  its	  diet.	  The	  
experimentally	  demonstrated	  uptake	  of	  atmospheric	  nitrogen	  by	  host	  tissues	  suggests	  
atmospheric	  nitrogen	  may	  be	  necessary	  to	  supplement	  the	  nitrogen-­‐poor	  diet	  of	  O.	  
disjunctus.	  Combined	  with	  results	  demonstrating	  the	  significant	  expression	  of	  bacterial	  nifH	  
genes	  involved	  in	  nitrogen	  fixation	  in	  all	  gut	  segments,	  these	  results	  suggest	  that	  host	  
biosynthesis	  may	  be	  aided	  by	  or	  even	  dependent	  upon	  the	  ability	  of	  symbiotic	  gut	  bacteria	  
to	  convert	  atmospheric	  nitrogen	  to	  compounds	  that	  can	  be	  used	  by	  the	  host.	  	  
	  
A	  growing	  number	  of	  connections	  between	  insect	  sociality	  and	  the	  gut	  microbiome	  provide	  
insights	  into	  the	  mechanisms	  potentially	  underlying	  the	  evolution	  of	  this	  partnership	  in	  O.	  
disjunctus.	  Building	  on	  work	  by	  Troyer	  (1987),	  Nalepa	  et	  al.	  (2001)	  and	  Lombardo	  (2007)	  
argue	  that	  increased	  transmission/access	  to	  endosymbionts	  may	  be	  an	  underappreciated	  
benefit	  of	  social	  behavior	  that	  could	  explain	  its	  evolution	  in	  a	  number	  of	  species.	  
Underlying	  this	  hypothesis	  is	  the	  role	  of	  sociality	  in	  promoting	  high-­‐fidelity	  transfer	  of	  
symbionts	  between	  hosts.	  The	  presence	  of	  coevolved	  microbial	  symbionts	  in	  many	  social	  
insects,	  including	  ants53,	  bees54,	  and	  termites11,	  and	  their	  absence	  in	  many	  solitary	  insects1	  
suggests	  a	  clear	  link.	  Some	  of	  the	  strongest	  evidence	  comes	  from	  the	  family	  Blattodea	  
(cockroaches	  and	  termites);	  social	  wood-­‐feeders	  from	  this	  family	  tend	  to	  rely	  on	  coevolved	  
bacterial	  symbionts	  while	  solitary	  wood-­‐feeders	  produce	  their	  own	  enzymes42,55.	  Though	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coevolution	  between	  O.	  disjunctus	  and	  members	  of	  its	  gut	  microbiome	  has	  not	  been	  
unequivocally	  demonstrated,	  nearly	  a	  century	  of	  studies	  have	  revealed	  patterns	  consistent	  
with	  this	  hypothesis47,49–52.	  Indeed	  it	  appears	  likely	  that	  the	  broad-­‐arc	  of	  O.	  disjunctus	  
evolutionary	  history	  has	  driven	  by	  its	  relationship	  with	  its	  gut	  microbiome.	  	  
	  
1.5 Dissertation	  Overview	  
By	  using	  O.	  disjunctus	  as	  a	  model	  system,	  the	  goal	  of	  my	  dissertation	  is	  to	  gain	  a	  better	  
understanding	  of	  how	  the	  composition	  of	  the	  microbiome	  can	  both	  shape	  and	  be	  shaped	  by	  
host	  evolution.	  This	  work	  is	  discussed	  in	  three	  chapters.	  	  
	  
In	  chapter	  1,	  I	  explore	  contemporary	  patterns	  of	  genetic	  variation	  among	  present-­‐day	  O.	  
disjunctus	  populations	  to	  understand	  the	  historical	  processes	  driving	  evolution	  within	  the	  
host	  species.	  By	  sequencing	  reduced	  representations	  (Double-­‐Digest	  RADseq)	  of	  genomes	  
from	  188	  beetles	  sampled	  across	  the	  natural	  range	  of	  O.	  disjunctus,	  I	  genotyped	  individuals	  
at	  over	  100,000	  polymorphic	  sites	  (Single	  Nucleotide	  Polymorphisms;	  SNPs).	  By	  employing	  
a	  variety	  of	  descriptive	  and	  statistical	  techniques	  to	  characterize	  population	  structure	  in	  O.	  
disjunctus	  populations	  and	  infer	  the	  historical	  processes	  that	  best	  explain	  these	  patterns,	  I	  
show	  that	  recent	  evolution	  in	  the	  species	  has	  been	  driven	  largely	  by	  the	  influence	  of	  past	  
climate	  change	  on	  the	  demographic	  history	  of	  the	  species.	  More	  specifically,	  I	  show	  that	  the	  
major	  spatial	  patterns	  of	  genetic	  differentiation	  among	  O.	  disjunctus	  populations	  are	  the	  
result	  of	  the	  species	  surviving	  the	  most	  recent	  glaciation	  event	  (~20,000	  Years	  Before	  
Present)	  in	  two	  isolated	  glacial	  refugia	  on	  either	  side	  of	  the	  Appalachian	  Mountains.	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Next,	  in	  chapter	  2	  I	  explore	  the	  impacts	  of	  this	  glaciation	  event	  on	  the	  gut	  microbiome	  to	  
determine	  whether	  the	  processes	  driving	  recent	  host	  evolution	  have	  also	  shaped	  the	  
present-­‐day	  microbiome.	  Though	  microbiome	  studies	  often	  focus	  on	  the	  role	  of	  natural	  
selection	  in	  shaping	  the	  microbiome	  over	  evolutionary	  time,	  few	  have	  considered	  whether	  
it	  might	  also	  be	  shaped	  by	  neutral	  processes	  acting	  on	  hosts.	  The	  neutral	  evolution	  of	  O.	  
disjunctus	  populations	  presents	  an	  ideal	  framework	  to	  test	  such	  a	  hypothesis.	  Utilizing	  a	  
16s	  rRNA	  to	  characterize	  the	  gut	  bacterial	  communities	  of	  the	  same	  individuals	  used	  in	  
chapter	  1,	  I	  present	  the	  first	  large-­‐scale	  characterization	  of	  the	  potentially	  symbiotic	  gut	  
microbiome	  of	  O.	  disjunctus.	  By	  determining	  the	  relative	  influence	  of	  geography,	  
environmental	  factors,	  and	  host	  population	  structure	  gut	  community	  structure,	  I	  show	  that	  
some	  contemporary	  patterns	  of	  community	  structure	  can	  only	  be	  explained	  by	  host	  
population	  structure.	  Further,	  I	  show	  that	  this	  congruence	  reflects	  the	  common	  historical	  
influence	  of	  genetic	  drift	  resulting	  from	  long-­‐term	  isolation	  on	  both	  host	  genetic	  variation	  
and	  the	  microbiome.	  Finally,	  I	  show	  that	  the	  overall	  stability	  of	  the	  microbiome	  in	  the	  face	  
of	  neutral	  host	  evolution	  likely	  reflects	  the	  continuous	  influence	  of	  natural	  selection	  that	  
has	  acted	  over	  much	  longer	  timescales	  to	  maintain	  this	  ancient,	  likely	  coevolved	  
partnership.	  	  
	  
Finally,	  in	  chapter	  3	  I	  explore	  whether	  the	  role	  of	  gut	  bacteria	  in	  lignocellulose	  degradation	  
might	  explain	  the	  universal	  conservation	  of	  bacterial	  species	  in	  the	  O.	  disjunctus	  gut	  that	  
appear	  to	  be	  unique	  to	  the	  host.	  Though	  the	  functional	  contributions	  of	  putative	  bacterial	  
symbionts	  to	  O.	  disjunctus	  are	  largely	  unknown,	  convergent	  characteristics	  between	  O.	  
disjunctus	  and	  other	  xylophagous	  insects	  suggest	  they	  may	  be	  involved	  in	  the	  breakdown	  of	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the	  host’s	  recalcitrant	  dietary	  foodstuffs.	  To	  test	  the	  hypothesis	  that	  O.	  disjunctus	  gut	  
bacteria	  are	  enzymatically	  capable	  of	  assisting	  in	  this	  process,	  I	  employ	  a	  novel	  
metagenomic	  technique	  to	  develop	  a	  set	  of	  PCR	  primers	  targeting	  bacterial	  enzymes	  
catalyzing	  the	  breakdown	  of	  cellulase	  with	  almost	  no	  prior	  knowledge	  of	  what	  enzymes	  
might	  be	  present.	  By	  cloning	  and	  sequencing	  gene	  targets	  amplified	  by	  these	  PCR	  primers,	  I	  
demonstrate	  the	  presence	  of	  a	  diverse	  community	  of	  bacterial	  cellulases	  in	  O.	  disjunctus	  gut	  
extracts.	  Consistent	  with	  the	  hypothesis	  that	  natural	  selection	  has	  continuously	  acted	  on	  
hosts	  to	  reliably	  acquire	  these	  potentially	  symbiotic	  bacteria	  through	  vertical	  transmission,	  
I	  also	  show	  that	  many	  of	  these	  cellulases	  are	  remarkably	  distinct	  from	  existing	  cellulases.	  	  	  
	  
	  
As	  our	  understanding	  of	  the	  microbiome	  itself	  evolves,	  a	  better	  understanding	  of	  how	  these	  
complex	  partnerships	  fit	  into	  our	  broader	  understanding	  of	  host	  evolution	  becomes	  
paramount.	  Together,	  my	  work	  suggests	  microbiomes,	  much	  like	  host	  genomes,	  have	  been	  
shaped	  over	  evolutionary	  time	  by	  both	  adaptive	  and	  neutral	  evolutionary	  processes.	  
Indeed,	  adopting	  a	  more	  robust	  consideration	  of	  the	  historical	  influences	  shaping	  the	  
microbiome	  may	  ultimately	  help	  us	  better	  understand	  contemporary	  patterns	  of	  variation.	  
As	  a	  more	  concrete	  example,	  in	  chapter	  2	  I	  reveal	  patterns	  in	  the	  O.	  disjunctus	  gut	  
microbiome	  that	  either	  would	  have	  been	  mistakenly	  attributed	  to	  contemporary	  factors	  or	  
that	  would	  have	  been	  completely	  unexplainable	  had	  I	  not	  considered	  them	  in	  an	  
evolutionary	  context.	  Ultimately,	  my	  work	  suggests	  that	  microbiomes	  must	  be	  viewed	  
simultaneously	  as	  both	  drivers	  and	  passengers	  of	  host	  evolution.	  The	  time	  is	  ripe	  to	  pursue	  
a	  more	  nuanced	  understanding	  of	  how	  these	  intimate	  partnerships	  change	  across	  all	  scales	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of	  space	  and	  time	  and	  how	  these	  pieces	  fit	  together	  into	  the	  increasingly	  more	  complex	  
puzzle	  that	  is	  becoming	  organismal	  biology.	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2 Here	  Comes	  the	  Sun:	  The	  Influence	  of	  Pleistocene	  Glaciation	  on	  the	  Demographic	  History	  
and	  Contemporary	  Phylogeography	  of	  O.	  disjunctus	  
2.1 Abstract	  
Due	  to	  the	  rich	  diversity	  of	  species	  endemic	  to	  the	  Appalachian	  Mountain	  range,	  the	  
evolutionary	  processes	  underlying	  the	  diversity	  of	  this	  region	  have	  been	  the	  subjects	  of	  
historical	  curiosity.	  Though	  glacial	  incursions	  during	  the	  Pleistocene	  Epoch	  have	  been	  
implicated	  as	  a	  primary	  driver	  of	  intraspecies	  evolution	  in	  a	  wide	  array	  of	  plant	  and	  animal	  
species	  from	  the	  region,	  we	  know	  comparatively	  little	  about	  the	  impact	  of	  past	  climate	  
change	  events	  on	  the	  evolution	  of	  its	  insect	  species.	  To	  address	  this	  paucity,	  we	  explored	  
the	  potential	  impact	  of	  past	  climate	  change	  events	  on	  Odontotaenius	  disjunctus,	  an	  
ecologically	  important	  wood-­‐feeding	  beetle	  commonly	  found	  throughout	  eastern	  North	  
America.	  By	  utilizing	  multiplexed	  Illumina	  sequencing	  of	  reduced	  genome	  libraries	  
(ddRADseq)	  to	  identify	  single	  nucleotide	  polymorphisms	  (SNPs)	  in	  188	  individuals	  
captured	  from	  23	  populations	  (n=5-­‐10/pop.),	  we	  characterized	  patterns	  of	  genetic	  
structure	  and	  diversity	  in	  the	  species	  across	  the	  extent	  of	  its	  natural	  range.	  Consistent	  with	  
a	  scenario	  of	  refugial	  isolation	  and	  rapid	  post-­‐Pleistocene	  expansion,	  we	  found	  that	  
population	  structure	  in	  O.	  disjunctus	  exhibits	  a	  sharp	  discontinuity	  along	  the	  Appalachian-­‐
Apalachicola	  boundary.	  Further	  results	  from	  spatial	  analysis	  of	  genetic	  diversity,	  
phylogenetic	  reconstructions,	  and	  demographic	  inference	  using	  Approximate	  Bayesian	  
Computation	  strongly	  suggest	  that	  the	  present-­‐day	  phylogeography	  of	  O.	  disjunctus	  is	  
primarily	  a	  result	  of	  the	  historical	  divergence	  between	  two	  disjoint	  Pleistocene	  refugial	  
populations	  and	  their	  subsequent	  expansions	  and	  admixture	  in	  the	  wake	  of	  Pleistocene	  
glaciation.	  By	  demonstrating	  the	  impact	  of	  past	  climate	  change	  events	  on	  the	  recent	  
evolution	  of	  O.	  disjunctus,	  our	  study	  provides	  some	  of	  the	  first	  evidence	  that	  Pleistocene	  
glaciation	  may	  also	  have	  played	  an	  important	  role	  in	  the	  recent	  evolution	  of	  the	  insect	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2.2 Introduction	  
The	  Appalachian	  Mountain	  range	  and	  its	  surrounding	  regions	  support	  an	  incredible	  
diversity	  of	  species56.	  Stretching	  from	  northern	  Maine	  to	  southern	  Georgia,	  the	  range	  
bisects	  eastern	  North	  America,	  creating	  a	  complex	  topography	  in	  which	  mountainous	  
highlands	  (elevation	  >1,500m)	  are	  often	  spatially	  proximate	  to	  coastal	  lowlands	  (elevation	  
<100m).	  With	  steep	  gradients	  in	  elevation,	  temperature,	  and	  other	  ecologically	  relevant	  
factors,	  the	  tremendous	  environmental	  heterogeneity	  of	  the	  region	  partially	  explains	  why	  it	  
is	  considered	  one	  of	  two	  biodiversity	  “hotspots”	  in	  the	  continental	  US	  (Figure	  1)57.	  Because	  
many	  of	  these	  species	  are	  endemic	  to	  this	  region,	  the	  evolutionary	  processes	  underlying	  




Figure	  1	  Biodiversity	  Hotspots	  In	  the	  Continental	  US.	  Estimates	  of	  species	  richness	  within	  the	  continental	  US	  are	  
shown	  ranging	  from	  high	  (red)	  to	  low	  (blue).	  Areas	  with	  the	  highest	  diversity	  are	  shown	  in	  topographic	  relief.	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The	  field	  of	  phylogeography,	  which	  seeks	  to	  describe	  contemporary	  (i.e.	  present-­‐day)	  
spatial	  patterns	  of	  genetic	  variation	  and	  understand	  the	  historical	  process	  responsible	  for	  
these	  patterns,	  has	  provided	  critical	  insights	  into	  these	  evolutionary	  processes.	  Supported	  
by	  numerous	  phylogeographic63,64	  and	  physiographic65–68	  studies	  from	  this	  region,	  past	  
climate	  change	  events	  have	  been	  among	  the	  most	  powerful	  drivers	  of	  intraspecies	  
evolution	  among	  eastern	  US	  biota.	  In	  particular,	  glaciation	  events	  occurring	  during	  the	  
Pleistocene	  epoch	  (1.4	  mya	  –	  14,000	  kya)	  appear	  to	  have	  played	  a	  particularly	  outsized	  
role	  in	  generating	  contemporary	  patterns	  of	  genetic	  variation69.	  	  
	  
Periodic	  temperature	  shifts	  during	  the	  Pleistocene	  had	  a	  profound	  impact	  on	  historical	  
species	  distributions70.	  Shown	  in	  Figure	  2,	  declining	  global	  temperatures	  at	  the	  tail	  end	  of	  
the	  Pleistocene	  precipitated	  the	  incursion	  of	  glaciers	  into	  previously	  unglaciated	  regions	  of	  
the	  continental	  US.	  At	  the	  height	  of	  the	  incursion—a	  period	  known	  as	  the	  last	  glacial	  
maximum	  (LGM;	  ~20,000	  Years	  Before	  Present;	  YBP)—the	  Laurentide	  ice	  sheet	  extended	  
as	  far	  south	  as	  39°	  N	  (present	  day	  Pittsburgh,	  PA),	  rendering	  much	  of	  the	  previously	  
inhabitable	  northern	  regions	  of	  the	  continent	  uninhabitable71.	  	  
	  
	   23	  
	  
Figure	  2	  Glaciation	  during	  the	  Last	  Glacial	  Maximum.	  Periodic	  shifts	  in	  average	  global	  temperatures	  (top	  figure)	  
during	  the	  Pleistocene	  epoch	  (1.4	  mya	  –	  14	  kya)	  precipitated	  the	  cyclical	  incursion	  of	  glaciers	  into	  previously	  
unglaciated	  regions.	  At	  the	  height	  of	  the	  most	  recent	  of	  these	  glacial	  incursions—termed	  the	  Last	  Glacial	  Maximum	  
(~20,	  000	  years	  ago)—the	  Laurentide	  ice	  sheet	  (bottom	  figure)	  extended	  into	  the	  continental	  US	  as	  far	  as	  the	  39th	  
parallel	  (present	  day	  Pittsburgh,	  PA).	  	  	  
As	  evidenced	  by	  fossil	  records70,	  these	  shifting	  climate	  conditions	  resulted	  in	  the	  
consolidation	  of	  much	  of	  the	  biota	  of	  the	  eastern	  US	  into	  a	  handful	  of	  fragmented	  glacial	  
refugia	  where	  conditions	  remained	  favorable	  enough	  for	  survival72.	  In	  most	  cases,	  
previously	  northern	  taxa	  became	  compressed	  into	  a	  small	  number	  of	  southern	  glacial	  
refugia	  containing	  a	  diverse	  blend	  of	  both	  northern	  and	  southern	  taxa73.	  In	  a	  few	  cases,	  
northern	  species	  survived	  closer	  to	  the	  ice	  sheet,	  usually	  in	  the	  unglaciated	  valleys	  of	  
mountainous	  regions	  (e.g.	  Blue	  Ridge	  Highlands)58,74.	  As	  global	  temperatures	  steadily	  rose	  
and	  retreating	  glaciers	  exposed	  previously	  uninhabitable	  regions	  in	  the	  period	  following	  
the	  LGM,	  many	  species	  experienced	  rapid	  range	  expansions	  and	  population	  growth	  as	  
species	  expanded	  from	  isolated	  refugia	  to	  the	  extent	  of	  their	  present-­‐day	  
distributions63,75,76.	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The	  genetic	  signatures	  of	  refugial	  isolation	  and	  subsequent	  range	  expansion	  in	  response	  to	  
Pleistocene	  glaciation	  have	  been	  observed	  in	  a	  number	  of	  present-­‐day	  eastern	  US	  species77.	  
Elucidated	  by	  Soltis	  &	  Soltis	  (2006),	  many	  continuously	  distributed	  present-­‐day	  species	  
exhibit	  one	  or	  more	  sharp	  genetic	  discontinuities	  between	  geographically	  expansive	  
regional	  populations	  that	  separately	  appear	  to	  be	  genetically	  homogenous.	  The	  origins	  of	  
these	  discontinuities	  can	  often	  be	  traced	  to	  LGM78.	  During	  this	  period,	  isolated	  populations	  
likely	  underwent	  considerable	  differentiation	  as	  drift	  and	  mutation	  acted	  independently	  
within	  disjoint	  refugial	  populations	  to	  create	  genetic	  signatures	  unique	  to	  each	  isolated	  
ancestral	  population64.	  As	  glaciers	  receded	  and	  temperatures	  rose,	  rapid	  range	  expansions	  
would	  have	  distributed	  this	  unique	  variation	  over	  geographically	  extensive	  areas	  as	  the	  
descendants	  of	  these	  genetically	  distinct	  populations	  colonized	  previously	  unglaciated	  
territory.	  As	  a	  result,	  the	  discrete	  breaks	  often	  observed	  today	  between	  geographically	  
contiguous	  regional	  populations	  are	  believed	  to	  reflect	  the	  rapid	  expansion	  of	  
differentiated	  ancestral	  populations	  isolated	  in	  separate	  refugia	  during	  glaciation69,77.	  	  
	  
Pleistocene	  glaciation	  also	  appears	  to	  have	  played	  a	  dominant	  role	  in	  shaping	  present-­‐day	  
patterns	  of	  genetic	  diversity	  in	  the	  region.	  Northward	  gradients	  of	  genetic	  diversity	  have	  
been	  observed	  in	  a	  number	  of	  species79	  such	  that	  populations	  presently	  occupying	  
historically	  glaciated	  regions	  typically	  exhibit	  lower	  levels	  of	  genetic	  diversity	  relative	  to	  
their	  southern	  counterparts.	  More	  generally,	  diversity	  often	  appears	  to	  radiate	  away	  from	  a	  
few	  specific	  geographic	  locations,	  decreasing	  as	  a	  function	  of	  distance	  from	  these	  areas63.	  In	  
most	  cases,	  these	  patterns	  have	  been	  attributed	  to	  range	  expansions	  occurring	  in	  the	  wake	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of	  glaciation.	  As	  previously	  uninhabitable	  territory	  became	  inhabitable,	  ancestral	  range	  
margins	  likely	  expanded	  by	  the	  successive	  establishment	  of	  new	  populations	  along	  the	  
periphery	  of	  growing	  refugial	  populations.	  Due	  to	  the	  founder	  effect,	  genetic	  diversity	  in	  
newly	  established	  populations	  was	  likely	  lower	  than	  in	  persistent	  refugial	  populations.	  As	  
species	  expanded	  to	  the	  extents	  of	  their	  present-­‐day	  distributions,	  the	  compounding	  of	  this	  
effect	  over	  larger	  distances	  resulted	  in	  the	  distinct	  gradients	  observed	  among	  
contemporary	  populations.	  In	  light	  of	  this	  process,	  decreased	  levels	  of	  genetic	  diversity	  in	  
northern	  populations	  have	  typically	  been	  interpreted	  to	  reflect	  descent	  from	  ancestral	  
populations	  that	  survived	  glaciation	  in	  southern	  refugia.	  Similarly,	  contemporary	  patterns	  
of	  diversity	  have	  been	  used	  to	  infer	  both	  the	  location	  of	  Pleistocene	  refugial	  populations	  
that	  have	  remained	  in	  situ	  since	  the	  LGM	  and	  the	  directionality	  of	  subsequent	  range	  
expansions	  from	  these	  refugia77.	  	  
	  
Refugial	  isolation	  and	  range	  expansion	  also	  explain	  why	  species	  with	  few	  present-­‐day	  
ecological	  similarities	  often	  exhibit	  congruent	  phylogeographic	  patterns.	  Though	  no	  single	  
phylogeographic	  pattern	  is	  shared	  by	  all	  species,	  Soltis	  &	  Soltis	  (2006)	  found	  that	  the	  vast	  
majority	  of	  phylogeographic	  breaks	  occurred	  at	  the	  same	  four	  geographic	  features:	  the	  
Appalachian	  Mountain	  Range,	  the	  Mississippi	  River,	  the	  Apalachicola	  River,	  and	  the	  
Tombigbee	  River.	  The	  authors	  posit	  this	  finding	  may	  reflect	  the	  shared	  demography	  of	  
species	  that	  survived	  Pleistocene	  in	  a	  handful	  of	  hyper-­‐diverse	  refugia	  on	  either	  side	  of	  
these	  geographic	  features,	  though	  they	  leave	  open	  the	  possibility	  that	  unrelated	  processes	  
may	  have	  resulted	  in	  pseudocongruence	  among	  present-­‐day	  species.	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Though	  these	  patterns	  have	  been	  demonstrated	  in	  a	  number	  of	  plant80,81,	  fish78,	  bird82,	  
mammal59,	  reptile83,	  mollusk84,	  and	  crustacean	  species	  in	  the	  southeastern	  U.S.85,	  there	  is	  a	  
glaring	  paucity	  of	  studies	  exploring	  the	  evolutionary	  impact	  of	  Pleistocene	  glaciation	  on	  the	  
insect	  species	  endemic	  to	  this	  region.	  Though	  phylogeographic	  patterns	  in	  Tiger	  beetles58	  
and	  millipedes	  from	  the	  genus	  Narceus74	  appear	  to	  have	  been	  driven	  by	  Pleistocene	  
isolation	  and	  post-­‐Pleistocene	  expansion,	  insect	  phylogeographic	  studies	  comprised	  less	  
than	  	  1%	  of	  the	  literature-­‐base	  identified	  by	  a	  systematic	  review	  by	  Soltis	  &	  Soltis	  (2006).	  
Ultimately,	  further	  studies	  are	  needed	  to	  understand	  the	  broader	  evolutionary	  impacts	  of	  
Pleistocene	  glaciation	  on	  the	  insect	  species	  of	  the	  eastern	  US.	  	  
	  
Beyond	  their	  evolutionary	  history,	  we	  also	  know	  relatively	  little	  about	  how	  or	  where	  insect	  
species	  from	  this	  region	  survived	  glaciation.	  Due	  to	  the	  tremendous	  ecological	  significance	  
of	  many	  endemic	  insect	  species	  to	  present-­‐day	  ecosystems,	  understanding	  their	  historical	  
distributions	  during	  this	  period	  is	  critical	  to	  our	  overall	  understanding	  of	  how	  the	  unique	  
biota	  of	  this	  region	  persisted	  in	  the	  face	  of	  such	  conditions	  	  
	  
To	  address	  both	  of	  these	  knowledge	  gaps	  to	  some	  degree,	  we	  characterized	  the	  
phylogeography	  of	  Odontotaenius	  disjunctus,	  a	  large	  (~30	  mm	  adult	  length)	  xylophagous	  
beetle	  endemic	  to	  the	  eastern	  United	  States	  and	  Canada	  (Figure	  3),	  to	  determine	  whether	  
past	  climate	  changed	  events	  have	  influenced	  present-­‐day	  patterns	  of	  genetic	  variation	  in	  
this	  important	  wood-­‐feeder.	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Figure	  3	  Present	  Day	  Distribution	  of	  O.	  disjunctus.	  Species	  range	  shown	  in	  shaded	  gray.	  (Map	  was	  extrapolated	  
using	  literature	  sources	  Schuster	  1983	  and	  Arnett	  et	  al.	  2002).	  Programmed	  by	  Mike	  Boone;	  Christopher	  S.	  Bibbs,	  
University	  of	  Florida.	  
Commonly	  know	  as	  the	  “bess	  beetle,”	  O.	  disjunctus	  is	  a	  slow,	  wood-­‐feeding	  beetle	  widely	  
found	  throughout	  the	  Eastern	  U.S.	  and	  Canada.	  O.	  disjunctus	  spends	  its	  entire	  life	  in	  the	  
rotting	  logs	  that	  also	  serve	  as	  its	  only	  food	  source.	  Interestingly,	  the	  species	  displays	  a	  
strong	  affinity	  for	  certain	  deciduous	  tree	  species,	  primarily	  those	  from	  the	  genus	  Quercus47.	  
Upon	  colonizing	  a	  new	  log,	  adults	  create	  tunnels	  where	  they	  will	  eventually	  mate,	  lay	  eggs,	  
and	  raise	  larvae.	  Because	  few	  species	  possess	  the	  lignocellulolytic	  capabilities	  needed	  to	  
recycle	  nutrients	  contained	  within	  dead	  trees,	  O.	  disjunctus	  is	  thought	  to	  be	  an	  important	  
contributor	  to	  nutrient	  cycling	  and	  overall	  ecosystem	  health.	  Considering	  its	  ecological	  
importance	  and	  dietary	  specificity,	  understanding	  the	  impact	  of	  Pleistocene	  glaciation	  on	  O.	  
disjunctus	  may	  inform	  our	  broader	  understanding	  of	  hardwood	  forest	  ecosystem	  dynamics	  
during	  this	  period.	  	  	  	  	  
	  
The	  limited	  dispersal	  capabilities	  of	  O.	  disjunctus	  make	  it	  an	  ideal	  study	  system	  toward	  this	  
end.	  Although	  it	  is	  winged,	  O.	  disjunctus	  has	  rarely	  been	  observed	  in	  flight86;	  many	  
individuals	  will	  even	  spend	  their	  entire	  lives	  within	  a	  single	  log47.	  Because	  gene	  flow	  can	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erase	  spatial	  signatures	  of	  historical	  demography	  in	  species	  with	  exceptionally	  high	  
dispersal	  capabilities	  (e.g.	  birds),	  the	  severely	  limited	  dispersal	  capability	  of	  the	  beetle	  may	  
offer	  a	  fine-­‐scale	  picture	  of	  refugial	  dynamics	  and	  post-­‐glaciation	  migration	  patterns	  of	  
hardwood	  forests	  and	  their	  associates	  following	  the	  last	  glacial	  maximum.	  
	  
Here,	  we	  explore	  the	  phylogeography	  of	  O.	  disjunctus	  with	  the	  goal	  of	  determining	  the	  
historical	  processes	  that	  best	  explain	  present-­‐day	  patterns	  of	  genetic	  variation	  in	  the	  
species.	  By	  utilizing	  multiplexed	  Illumina	  sequencing	  of	  reduced	  genome	  libraries	  (Double-­‐
Digest	  RADseq;	  ddRADseq)	  to	  identify	  single	  nucleotide	  polymorphisms	  (SNPs)	  in	  188	  
individuals	  captured	  from	  23	  populations,	  we	  characterized	  patterns	  of	  genetic	  structure	  
and	  diversity	  in	  the	  species	  across	  the	  extent	  of	  its	  natural	  range.	  Consistent	  with	  a	  
scenario	  of	  refugial	  isolation	  and	  rapid	  post-­‐Pleistocene	  expansion,	  we	  found	  that	  
population	  structure	  in	  O.	  disjunctus	  exhibits	  a	  sharp	  discontinuity	  along	  the	  Appalachian-­‐
Apalachicola	  boundary.	  To	  test	  whether	  isolation	  in	  glacial	  refugia	  provided	  the	  best	  
explanation	  for	  these	  patterns,	  we	  used	  Approximate	  Bayesian	  Computation	  to	  compare	  a	  
number	  of	  demographic	  scenarios.	  The	  most	  likely	  demographic	  scenarios	  chosen	  strongly	  
indicate	  that	  the	  present-­‐day	  phylogeography	  of	  O.	  disjunctus	  is	  primarily	  a	  result	  of	  the	  
historical	  divergence	  between	  two	  disjoint	  Pleistocene	  refugial	  populations	  and	  their	  
subsequent	  expansions	  in	  the	  wake	  of	  Pleistocene	  glaciation.	  Consistent	  with	  observations	  
in	  similar	  species,	  we	  also	  found	  evidence	  of	  secondary	  contact	  in	  one	  regional	  population.	  
Additionally,	  evidence	  for	  two	  separate	  range	  expansions	  in	  O.	  disjunctus	  from	  northern	  
refugia	  provides	  further	  support	  for	  the	  existence	  of	  a	  northern	  refugium	  in	  the	  Blue	  Ridge	  
highlands	  that	  had	  been	  previously	  hypothesized.	  By	  demonstrating	  the	  impact	  of	  past	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climate	  change	  events	  on	  the	  recent	  evolution	  of	  O.	  disjunctus,	  our	  study	  adds	  to	  the	  
comparatively	  limited	  corpus	  of	  evidence	  suggesting	  the	  recent	  evolution	  of	  insects	  
endemic	  to	  this	  region	  has	  been	  driven	  largely	  by	  Pleistocene	  glaciation.	  Additionally,	  our	  
study	  broadens	  and	  supports	  our	  current	  understanding	  of	  how	  and	  where	  temperate	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2.3 Methods	  
2.3.1 Sample	  Collection	  
A	  range-­‐wide	  sampling	  of	  O.	  disjunctus	  was	  conducted	  over	  a	  three-­‐month	  period	  (Figure 4).	  
A	  total	  of	  230	  samples	  were	  collected	  from	  23	  populations	  (10	  beetles/population),	  taking	  
only	  one	  beetle	  per	  log	  to	  avoid	  sampling	  kin	  groups.	  The	  sampling	  was	  designed	  to	  cover	  
the	  extent	  of	  the	  beetle’s	  natural	  range	  and	  includes	  populations	  on	  all	  sides	  of	  major	  
phylogeographic	  breaks	  (E/W	  Appalachians,	  E/W	  Mississippi,	  E/W	  Tombigee	  River,	  E/W	  
Appalachicola)	  and	  populations	  from	  both	  northern	  and	  southern	  latitudes.	  The	  shortest	  
distance	  between	  sampling	  sites	  was	  8.5	  km	  (two	  samples	  from	  Roanoke,	  VA)	  while	  the	  
largest	  distance	  between	  sampling	  sites	  was	  1534.7	  km	  (Richmond,	  VA	  to	  Marais	  de	  Cygnes	  
National	  Wildlife	  Refuge,	  KS).	  At	  each	  sampling	  location,	  beetles	  were	  collected	  within	  the	  
same	  1	  km	  radius	  to	  control	  for	  the	  size	  of	  the	  sampling	  plot.	  Upon	  capture,	  beetles	  were	  
immersed	  in	  99%	  ethanol	  and	  stored	  in	  sterile	  5ml	  conical	  tubes	  on	  ice	  until	  they	  could	  be	  
shipped	  back	  to	  the	  laboratory.	  Samples	  were	  shipped	  on	  dry	  ice	  from	  the	  field	  as	  close	  to	  
the	  sampling	  date	  as	  possible	  to	  prevent	  degradation	  of	  DNA.	  Samples	  were	  stored	  at	  -­‐20°	  C	  
prior	  to	  dissection/DNA	  extraction.	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Figure	  4	  Map	  of	  Sampling	  Locations	  (present-­‐day	  range	  of	  O.	  disjunctus	  shown	  in	  gray).	  	  
2.3.2 Beetle	  Dissection	  
Beetles	  were	  surface	  sterilized	  by	  immersion	  in	  fresh	  100%	  ethanol	  for	  2	  min.	  Because	  the	  
external	  structures	  of	  the	  beetle’s	  anatomy	  are	  comprised	  mainly	  of	  chitin	  and	  contain	  
comparatively	  little	  host	  DNA	  relative	  to	  more	  tissue-­‐rich	  internal	  structures,	  DNA	  was	  
extracted	  from	  the	  muscular	  gut	  tissue	  to	  maximize	  the	  yield	  of	  DNA.	  Individual	  beetles	  
were	  dissected	  by	  first	  removing	  the	  head	  and	  thorax	  from	  the	  abdomen	  by	  a	  flame-­‐
sterilized	  scalpel.	  The	  carapace	  and	  wings	  were	  then	  removed	  to	  expose	  the	  membranous	  
dorsal	  side.	  Flame-­‐sterilized	  dissection	  scissors	  were	  used	  to	  make	  a	  single	  cut	  along	  the	  
hemisphere	  of	  the	  membrane,	  allowing	  the	  removal	  of	  the	  entire	  gut.	  Guts	  were	  then	  
stretched	  out	  completely	  and	  washed	  in	  sterile	  phosphate-­‐buffered	  saline	  to	  remove	  
external	  bacterial	  contaminants.	  Cleaned	  guts	  were	  cut	  into	  three	  gut	  segments:	  the	  midgut	  
(MG),	  posterior	  hindgut	  (PHG),	  and	  anterior	  hindgut	  (AHG)(Figure 5).	  The	  anterior	  hindgut	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was	  selected	  for	  DNA	  extraction.	  Because	  the	  same	  beetle	  samples	  were	  to	  be	  used	  for	  a	  
subsequent	  study	  of	  the	  beetle’s	  microbiome,	  digestive	  fluids	  were	  retained	  in	  the	  anterior	  
hindgut;	  total	  DNA	  extracts	  contained	  a	  mixture	  of	  beetle	  and	  bacterial	  DNA.	  The	  anterior	  
hindgut	  was	  chosen	  as	  the	  gut	  segment	  from	  which	  to	  extract	  DNA	  for	  beetle	  genotyping	  
due	  to	  the	  large	  amount	  of	  muscular,	  fibrous	  beetle	  tissue	  relative	  to	  the	  volume	  of	  the	  gut	  
fluids	  contained	  within.	  Anterior	  hindguts	  from	  beetles	  were	  separately	  placed	  in	  1ml	  of	  
RNALater	  (Qiagen,	  Valencia,	  CA,	  US)	  and	  stored	  at	  -­‐20°C	  in	  autoclaved	  1.5	  ml	  
microcentrifuge	  tubes	  until	  DNA	  extraction.	  	  
 
Figure	  5	  Anatomy	  of	  O.	  disjunctus	  gut	  segments	  (Adapted	  from	  Ceja-­‐Navarro	  et	  al.,	  2013).	  Sequencing	  libraries	  for	  
genotyping	  were	  created	  from	  DNA	  extracted	  from	  pulverized	  anterior	  hindguts	  (AHG)	  due	  to	  the	  abundance	  of	  
muscular	  beetle	  tissue	  relative	  to	  the	  volume	  of	  gut	  extracts	  contained	  within.	  	  	  
2.3.3 DNA	  Extraction	  
Total	  DNA	  was	  extracted	  from	  anterior	  hindguts	  using	  the	  PowerLyzer	  Powersoil	  DNA	  
isolation	  kit	  (MoBio,	  Carlsbad,	  CA,	  US).	  The	  manufacturer’s	  instructions	  were	  followed	  with	  
the	  addition	  of	  a	  15-­‐minute	  Proteinase	  K	  digest	  to	  ensure	  the	  complete	  breakdown	  of	  the	  
muscular	  beetle	  tissue.	  Following	  the	  10	  minute	  bead-­‐beating	  step,	  20	  μl	  Proteinase	  K	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(Roche,	  Indianapolis,	  IN,	  US)	  was	  added	  to	  each	  reaction	  and	  incubated	  at	  50°	  C	  for	  15	  
minutes.	  Following	  this	  step,	  extractions	  proceeded	  according	  to	  the	  manufacturer’s	  
protocol.	  From	  the	  230	  total	  DNA	  extractions,	  the	  188	  best	  extractions	  as	  judged	  by	  DNA	  
yield	  (assessed	  by	  absorbance	  at	  260nm)	  and	  purity	  (assessed	  by	  the	  ratio	  of	  absorbance	  at	  
260	  nm	  and	  280	  nm)	  were	  selected	  for	  sequencing	  such	  that	  each	  population	  was	  
represented	  by	  at	  least	  8	  samples.	  The	  same	  protocol	  was	  used	  to	  extract	  DNA	  from	  pure	  E.	  
coli	  cultures	  to	  serve	  as	  a	  positive	  control	  for	  ddRadSeq.	  	  
	  
2.3.4 Double-­‐Digest	  RADseq	  
The	  prohibitively	  large	  size	  of	  most	  eukaryotic	  genomes	  presents	  a	  significant	  challenge	  to	  
genotyping	  by	  sequencing	  (GBS)	  methods.	  In	  order	  to	  determine	  whether	  a	  genomic	  locus	  
is	  polymorphic	  for	  a	  set	  of	  individuals	  (i.e.	  in	  order	  to	  identify	  single	  nucleotide	  
polymorphisms	  (SNPs);	  informally	  termed	  “SNP	  calling”),	  GBS	  methods	  requires	  multiple	  
sequencing	  reads	  from	  multiple	  individuals	  to	  overlap	  at	  that	  position.	  Even	  if	  a	  locus	  is	  
found	  to	  be	  polymorphic,	  due	  to	  the	  non-­‐trivial	  error	  rates	  of	  Illumina	  sequencing	  there	  
must	  be	  multiple	  sequencing	  reads	  from	  the	  same	  individual	  in	  order	  to	  confidently	  
genotype	  an	  individual	  at	  that	  locus.	  Given	  that	  a	  single	  lane	  of	  Illumina	  sequencing	  
(~$1000)	  produces	  enough	  reads	  to	  accurately	  genotype	  anywhere	  from	  one	  to	  10	  
individuals	  (depending	  on	  genome	  size),	  the	  economic	  infeasibility	  of	  genotyping	  a	  large	  
number	  of	  individuals	  (often	  >100)	  becomes	  immediately	  obvious.	  	  
	  
Developed	  by	  Peterson	  et	  al.	  (2012),	  double	  digest	  RADseq	  (ddRADseq)	  provides	  an	  
elegant	  alternative	  that	  can	  be	  used	  to	  genotype	  as	  many	  as	  96	  individuals	  in	  a	  single	  lane	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of	  Illumina	  sequencing.	  DdRADseq	  produces	  a	  reduced	  representation	  of	  the	  genome	  by	  
selecting	  only	  genomic	  regions	  of	  a	  specific	  length	  (generally	  between	  200	  and	  400	  base	  
pairs)	  and	  that	  contain	  two	  specific	  restriction	  enzyme	  cut	  sites	  in	  a	  specific	  orientation.	  	  
effectively	  increasing	  the	  number	  of	  individuals	  that	  can	  be	  genotyped	  in	  a	  single	  run	  on	  
the	  Illumina	  sequencing	  platform.	  To	  accomplish	  this	  targeted	  reduction,	  the	  genome	  is	  
first	  digested	  by	  two	  different	  restriction	  enzymes,	  resulting	  in	  a	  number	  of	  shorter	  
fragments.	  Because	  these	  fragments	  contain	  specific	  enzyme	  cut	  sites	  in	  a	  specific	  
orientation,	  reduced	  genomes	  from	  multiple	  individuals	  can	  be	  used	  for	  genotyping	  
because	  they	  contain	  more	  or	  less	  the	  same	  genomic	  regions.	  The	  increased	  power	  of	  
ddRADseq	  to	  detect	  genome-­‐wide	  variation	  over	  traditional	  PCR-­‐based	  genotyping	  makes	  
it	  particularly	  well	  suited	  to	  genotype	  a	  large	  number	  of	  individuals	  at	  a	  large	  number	  of	  
genome-­‐wide	  markers	  in	  the	  absence	  of	  a	  reference	  genome.	  	  	  
	  
2.3.4.1 Double	  Restriction	  Enzyme	  Digestion	  Of	  Genomic	  DNA	  
Total	  DNA	  extracted	  from	  188	  beetles	  was	  digested	  using	  the	  methylation	  insensitive	  MseI	  
and	  EcoRI	  restriction	  enzymes.	  Digestion	  reactions	  included	  6	  μl	  genomic	  DNA,	  0.28	  μl	  
EcoRI,	  0.12	  μl	  MseI,	  1	  μl	  NEB	  CutSmart	  Buffer,	  and	  2.6	  μl	  DEPC	  PCR-­‐grade	  water	  for	  a	  final	  
reaction	  volume	  of	  10	  μl.	  Digestions	  were	  performed	  using	  the	  thermocycling	  program	  
suggested	  by	  NEB	  for	  double	  digest	  of	  DNA	  using	  these	  two	  enzymes:	  	  incubation	  for	  30	  
minutes	  at	  37°	  C	  followed	  by	  20	  minutes	  of	  heat	  inactivation	  of	  the	  restriction	  enzymes	  at	  
65°	  C.	  Reactions	  were	  then	  cooled	  gradually	  by	  dropping	  the	  temperature	  from	  65°	  C	  to	  31°	  
C	  over	  a	  period	  of	  one	  hour.	  Completed	  digestion	  reactions	  were	  stored	  at	  -­‐20°	  C	  until	  
ligation.	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2.3.4.2 Ligation	  of	  Barcoded	  Adapters	  
Barcoded	  adapters	  were	  ligated	  to	  the	  sticky	  ends	  of	  digested	  DNA	  fragments	  to	  facilitate	  
PCR	  amplification	  and	  Illumina	  sequencing.	  Each	  beetle	  was	  assigned	  a	  separate	  barcode	  to	  
allow	  multiplexed	  sequencing	  of	  96	  beetles	  in	  a	  single	  lane	  of	  Illumina	  HiSeq.	  Nucleotide	  
sequences	  for	  the	  adapters	  were	  taken	  without	  modification	  from	  Parchman	  et	  al.	  (2012)	  
and	  contained	  a	  unique	  barcode	  sequence	  and	  universal	  primer	  annealing	  sequence	  for	  
downstream	  PCR	  amplification.	  Ligation	  reactions	  included	  10	  μl	  of	  digested	  DNA,	  1	  μl	  
CutSmart	  Buffer,	  0.2	  μl	  rATP,	  1	  μl	  T4	  ligase,	  5.8	  μl	  DEPC	  PCR-­‐grade	  water,	  and	  1	  μl	  each	  of	  
forward	  (MseI	  complimentary)	  and	  reverse	  (EcoRI	  complimentary)	  adapters	  for	  a	  total	  
reaction	  volume	  of	  20	  μl.	  The	  ligation	  reaction	  included	  a	  16	  hour	  incubation	  at	  16°	  C	  
followed	  by	  20	  minutes	  of	  heat	  inactivation	  of	  the	  ligase	  at	  65°	  C.	  Finally,	  reactions	  were	  
cooled	  gradually	  by	  dropping	  the	  temperature	  from	  65°	  C	  to	  22°	  C	  over	  the	  period	  of	  one	  
hour.	  Completed	  ligation	  reactions	  were	  stored	  at	  -­‐20°	  C	  until	  PCR	  amplification.	  	  
	  
2.3.4.3 PCR	  Amplification	  of	  Digested	  Fragments	  
Digested	  genomic	  fragments	  with	  ligated	  adapters	  were	  then	  PCR	  amplified	  to	  enrich	  the	  
yield	  of	  target	  fragments	  and	  attach	  Illumina	  HiSeq	  sequencing	  primers.	  PCR	  primer	  
sequences	  were	  taken	  without	  modification	  from	  Parchman	  et	  al.	  (2012)	  and	  contained	  
either	  forward/reverse	  Illumina	  sequencing	  adapter	  sequence	  as	  well	  as	  an	  annealing	  
sequence	  complimentary	  to	  the	  universal	  primer	  annealing	  sequence	  present	  in	  each	  
ligated	  adapter.	  Each	  PCR	  reaction	  included	  20	  μl	  Phusion	  Polymerase	  HF	  Master	  Mix	  
(Fisher-­‐Thermo	  Scientific),	  11	  μl	  DEPC	  PCR-­‐grade	  water,	  2	  μl	  each	  of	  forward/reverse	  
primers,	  and	  5	  μl	  ligation	  product	  (genomic	  DNA)	  for	  a	  total	  reaction	  volume	  of	  40	  μl.	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Thermocycling	  consisted	  of	  a	  20	  second	  initial	  denaturation	  step	  at	  98°	  C.	  Each	  round	  of	  
PCR	  consisted	  of	  a	  10	  second	  denaturation	  at	  98°	  C,	  followed	  by	  a	  30	  second	  annealing	  at	  
60°	  C,	  and	  finally	  a	  40	  second	  extension	  at	  72°	  C.	  A	  total	  of	  20	  cycles	  were	  performed.	  A	  five	  
minute	  final	  extension	  at	  72°	  C	  was	  performed	  to	  ensure	  complete	  product	  extension.	  PCR	  
reactions	  were	  stored	  at	  -­‐20°	  C	  until	  size	  selection.	  	  
	  
2.3.4.4 Multiplexed	  DNA	  Sequencing	  of	  Reduced	  Beetle	  Genomes	  	  
Prior	  to	  size	  selection,	  PCR	  products	  were	  pooled	  by	  transferring	  30	  μl	  of	  each	  PCR	  reaction	  
into	  a	  sterile	  5	  ml	  conical	  tube.	  One	  milliliter	  of	  the	  pooled	  PCR	  reaction	  was	  then	  run	  on	  a	  
thick	  2.0%	  agarose	  gel	  for	  1	  hour	  at	  100V	  and	  visualized	  under	  UV	  light.	  PCR	  products	  
between	  the	  length	  of	  200bp	  and	  400bp	  were	  excised	  from	  the	  gel	  using	  a	  razor	  blade.	  DNA	  
was	  extracted	  from	  excised	  gel	  fragments	  using	  the	  Zymoclean	  Gel	  DNA	  recovery	  kit	  (Zymo	  
Research,	  Irvine,	  CA,	  US)	  according	  to	  the	  manufacturer’s	  specifications.	  Because	  DNA	  
extracted	  from	  gel	  fragments	  was	  taken	  from	  multiple	  lanes,	  DNA	  was	  re-­‐pooled	  by	  
combining	  all	  DNA	  extracted	  from	  all	  lanes.	  The	  resulting	  barcoded,	  digested,	  size-­‐selected	  
DNA	  fragments	  containing	  Illumina	  sequencing	  adapters	  were	  then	  sequenced	  on	  two	  
separate	  lanes	  on	  the	  Illumina	  Hi-­‐Seq	  platform.	  Each	  lane	  contained	  94	  barcoded	  beetle	  
samples,	  a	  positive	  control	  (ddRADseq	  library	  constructed	  using	  E.	  coli	  genomic	  DNA	  as	  the	  
starting	  material)	  and	  a	  negative	  control	  (ddRADseq	  library	  constructed	  DEPC	  PCR-­‐grade	  
water	  as	  the	  starting	  material).	  Due	  to	  the	  length	  of	  target	  fragments,	  we	  performed	  single-­‐
end	  Illumina	  sequencing	  of	  target	  fragments.	  Illumina	  sequencing	  was	  performed	  by	  the	  
VCU	  Nucleic	  Acids	  Research	  Facility	  (NARF).	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2.3.5 SNP	  Genotyping	  
Illumina	  sequencing	  reads	  from	  ddRADseq	  libraries	  were	  de-­‐multiplexed,	  resulting	  in	  
sample-­‐level	  FASTQ	  files	  that	  separately	  contained	  reads	  from	  each	  beetle.	  Initial	  quality	  
filtering	  removed	  reads	  with	  ambiguous	  base	  calls	  and	  reads	  with	  more	  than	  50%	  low	  
quality	  (Q	  <	  17)	  base	  calls	  in	  the	  first	  third	  of	  the	  sequence.	  Low	  quality	  bases	  were	  
removed	  from	  the	  ends	  of	  reads	  using	  a	  sliding	  window	  approach:	  reads	  were	  trimmed	  
when	  the	  average	  quality	  score	  of	  a	  5-­‐bp	  sliding	  window	  fell	  below	  30.	  Reads	  with	  fewer	  
than	  50	  total	  bases	  after	  end	  trimming	  were	  removed.	  A	  FASTQ	  quality	  screen	  using	  
FASTQC	  v0.11.2	  (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/)	  revealed	  
the	  presence	  of	  3’	  read	  through	  in	  some	  sequences	  where	  the	  reverse	  primer	  sequence	  was	  
present	  due	  to	  shorter	  than	  expected	  insert	  sizes.	  3’	  primer	  sequences	  were	  removed	  if	  an	  
exact	  match	  to	  the	  reverse	  primer	  sequence	  of	  more	  than	  7-­‐bp	  was	  detected	  using	  
TRIMMOMATIC87	  (SE,	  ILLUMINACLIP:3:15:7:6).	  	  
	  
Reads	  from	  each	  sample	  were	  then	  mapped	  to	  the	  reference	  assembly	  (see	  Appendix)	  
using	  BWA	  (mem,	  -­‐M,	  -­‐R)88.	  Prior	  to	  read	  mapping,	  because	  the	  GATK	  indel	  realigner89	  we	  
used	  to	  perform	  fine-­‐scale	  re-­‐alignments	  around	  indel	  positions	  does	  not	  handle	  
fragmented	  assemblies	  well,	  contigs	  from	  the	  reference	  assembly	  were	  concatenated	  into	  
four	  “supercontigs”	  by	  placing	  300-­‐bp	  stretches	  of	  “N”	  between	  contigs.	  The	  positions	  of	  
these	  spacer	  regions	  were	  recorded	  in	  a	  separate	  BED	  file	  to	  be	  used	  in	  later	  steps	  to	  filter	  
out	  SNPs	  called	  in	  these	  spacer	  regions.	  Notably,	  the	  percent	  of	  positive	  control	  reads	  (E.	  
coli)	  mapping	  to	  the	  reference	  genome	  was	  orders	  of	  magnitude	  less	  than	  in	  beetle	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samples,	  indicating	  the	  success	  of	  our	  assembly	  methodology	  in	  reducing	  the	  impact	  of	  
bacterial	  contamination.	  
	  
Prior	  to	  SNP	  calling,	  local	  realignment	  around	  indels	  and	  removal	  of	  PCR	  and	  optical	  
duplicates	  was	  performed	  using	  a	  modified	  version	  of	  the	  GATK	  best	  practices	  workflow	  
(https://www.broadinstitute.org/gatk/guide/best-­‐practices).	  Read	  group	  information	  was	  
added	  to	  the	  resulting	  SAM	  files	  to	  associate	  mapped	  reads	  with	  the	  beetle	  from	  which	  they	  
came	  using	  PicardTools	  v1.90	  (AddOrReplaceReadGroups,	  http://picard.sourceforge.net).	  
The	  resulting	  SAM	  files	  were	  converted	  to	  BAM	  file	  format,	  sorted	  according	  to	  their	  
position	  in	  the	  reference	  genome,	  and	  indexed	  using	  SAMTOOLS90	  v1.3	  (view,	  sort,	  index).	  
Local	  realignment	  around	  indels	  was	  performed	  using	  GATK	  (RealignerTargetCreator,	  
IndelRealigner).	  After	  indel	  realignment,	  optical	  and	  PCR	  duplicates	  were	  removed	  and	  re-­‐
indexed	  using	  PicardTools	  (MarkDuplicates,	  BuildBamIndex).	   
	  
SNP	  calling	  was	  performed	  using	  SAMTOOLS	  and	  BCFTOOLS	  v1.3	  
(https://github.com/samtools/bcftools/).	  To	  assess	  the	  potential	  bias	  of	  SNP	  calling	  and	  
hard-­‐filtering	  parameter	  settings	  on	  the	  resulting	  genotypes,	  we	  genotyped	  beetles	  using	  
three	  levels	  of	  stringency.	  For	  minimum	  and	  medium	  stringency	  genotypes,	  initial	  SNP	  
calling	  was	  performed	  using	  SAMTOOLS	  without	  downgrading	  mapping	  quality	  (mpileup	  –
ugDf	  	  |	  bcftools	  call	  –vm0	  b	  -­‐).	  Mapping	  quality	  was	  downgraded	  for	  maximum	  stringency	  
genotypes	  (mpileup	  –C50	  –ugDf|	  bcftools	  call	  –vm0	  b	  -­‐).	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Hard	  filters	  were	  then	  applied	  to	  called	  SNPs	  to	  produce	  a	  filtered	  set	  of	  genotypes	  to	  be	  
used	  for	  population	  genetic	  analyses.	  To	  investigate	  the	  sensitivity	  of	  downstream	  analyses	  
to	  hard	  filtering	  cutoffs,	  we	  used	  three	  different	  sets	  of	  hard	  filters	  ranging	  from	  very	  
conservative	  to	  very	  liberal.	  Filtering	  parameters	  are	  summarized	  in	  Table	  1.	  An	  initial	  set	  
of	  hard	  filters	  was	  implemented	  in	  VCFUtils	  v1.3	  to	  filter	  SNPs	  based	  on	  strand-­‐bias,	  read	  
pileup	  depth,	  mapping	  quality,	  and	  the	  minimum	  distance	  from	  indels.	  VCFtools	  was	  then	  
used	  to	  apply	  a	  further	  set	  of	  hard	  filters.	  Common	  to	  all	  filtering	  strategies	  was	  the	  
removal	  of	  indels,	  the	  inclusion	  of	  only	  bi-­‐allelic	  sites,	  removal	  of	  SNPs	  called	  in	  spacer	  
regions,	  the	  removal	  of	  SNPs	  called	  in	  either	  positive	  or	  negative	  control	  samples,	  removal	  
of	  genotypes	  called	  in	  fewer	  than	  50%	  of	  samples,	  and	  the	  removal	  of	  SNPs	  with	  an	  
inbreeding	  coefficient	  falling	  outside	  the	  interval	  [-­‐0.5,	  0.5].	  Finally,	  individuals	  genotyped	  
at	  fewer	  than	  30%	  of	  SNPs	  were	  removed	  from	  the	  analysis,	  resulting	  in	  the	  removal	  of	  two	  
samples.	  	  
	  
Table	  1	  Summary	  of	  Genotyping	  Criteria.	  Due	  to	  the	  large	  number	  of	  errant	  (i.e.	  false	  positives)	  SNP	  genotypes	  
initially	  identified	  by	  traditional	  SNP-­‐calling	  pipelines,	  additional	  filtering	  is	  generally	  necessary	  to	  identify	  positions	  
most	  likely	  to	  reflect	  true	  variation	  in	  the	  underlying	  genomes	  (typically	  referred	  to	  as	  “hard	  filtering”).	  To	  assess	  
the	  impact	  of	  hard	  filtering	  parameters	  on	  downstream	  population	  genetic	  analyses,	  three	  different	  hard	  filtering	  
strategies	  were	  applied	  to	  raw	  SNPs.	  The	  most	  conservative	  filtering	  strategy	  was	  designed	  to	  minimize	  the	  false	  
positive	  rate	  at	  the	  cost	  of	  throwing	  away	  lower	  frequency	  genotypes.	  The	  least	  conservative	  filtering	  strategy	  was	  
designed	  to	  minimize	  the	  rate	  of	  false	  negatives	  by	  capturing	  as	  many	  rare	  alleles	  as	  possible.	  The	  moderately	  
conservative	  filtering	  strategy	  fell	  somewhere	  in	  between	  the	  two	  and	  was	  most	  adherent	  to	  standard	  genotyping	  
conventions.	  For	  each	  level	  of	  filtering	  stringency,	  the	  table	  details	  the	  parameter	  thresholds	  used	  by	  each	  filtering	  
strategy	  and	  the	  program	  in	  which	  these	  filters	  were	  applied.	  	  	  





Downgrade	  Mapping	  Quality	   SAMTOOLS	   No	   Yes	   No	  
Min.	  Map	  Quality	   VCFUtils	   10	   25	   10	  
Min.	  Read	  Depth	   VCFUtils	   100	   100	   100	  
Strand	  Bias	  (p-­‐value)	   VCFUtils	   0.0001	   0.0001	   0.0001	  
SNPs	  within	  3-­‐bp	  of	  Indel	   VCFUtils	   Yes	   No	   Yes	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Minor	  Allele	  Frequency	  (MAF)	   VCFTools	   0.05	   0.025	   0.01	  
Min.	  Genotype	  Quality	  	   VCFTools	   5	   10	   15	  
Min.	  Allele	  Count	  (MAC)	   VCFTools	   3	   3	   3	  
Max.	  Missing	  Data	   VCFTools	   50%	   50%	   50%	  
Remove	  Indels	   VCFTools	   Yes	   Yes	   Yes	  
Remove	  Spacer	  Region	  SNPs	   VCFTools	   Yes	   Yes	   Yes	  
Remove	  Pos/Neg	  Control	   VCFTools	   Yes	   Yes	   Yes	  
	  
2.3.6 Basic	  Population	  Genetic	  Summary	  Statistics	  
Basic	  population	  genetic	  summary	  statistics	  were	  computed	  in	  the	  R	  v.3.2.0	  statistical	  
environment91.	  Deviations	  from	  HWE	  and	  inbreeding	  coefficients	  were	  computed	  on	  a	  per-­‐
locus	  basis	  by	  population	  using	  a	  chi-­‐squared	  test	  of	  independence	  with	  continuity	  
correction	  implemented	  in	  the	  HardyWeinberg92	  R	  package.	  Within-­‐population	  genetic	  
variation	  was	  estimated	  using	  the	  average	  expected	  heterozygosity	  under	  HWE,	  correcting	  
for	  small	  sample	  sizes	  as	  outlined	  in	  Nei	  (1978).	  To	  determine	  the	  possible	  effect	  of	  missing	  
data	  on	  within-­‐population	  diversity	  estimates,	  a	  weighted	  average	  expected	  heterozygosity	  
was	  also	  computed	  for	  each	  population.	  This	  method	  calculated	  average	  heterozygosity	  by	  
scaling	  the	  expected	  heterozygosity	  at	  each	  locus	  by	  the	  number	  of	  individuals	  genotyped	  
at	  that	  locus,	  effectively	  up-­‐weighting	  loci	  with	  more	  complete	  genotyping	  information.	  To	  
formally	  test	  for	  the	  affect	  of	  missing	  data	  on	  within-­‐population	  summary	  statistics,	  
Pearson’s	  correlation	  coefficient	  was	  calculated	  to	  test	  for	  a	  significant	  relationship	  (α	  =	  




	   41	  
2.3.7 Analysis	  of	  Population	  Structure	  
To	  test	  for	  the	  presence	  of	  genetic	  structure	  among	  populations,	  global	  FST	  was	  estimated	  
using	  the	  HIERFSTAT93	  package	  in	  R.	  Confidence	  intervals	  (95%)	  for	  global	  FST	  estimates	  
were	  computed	  using	  the	  bootstrapping	  method	  implemented	  in	  HIERFSTAT,	  which	  
computes	  FST	  for	  randomly	  re-­‐sampled	  loci	  (nloci=1000,	  nperms	  =	  1000;	  without	  
replacement).	  Tests	  for	  nested	  population	  structure	  were	  performed	  in	  a	  similar	  manner.	  	  	  
	  
Principal	  component	  analysis	  (PCA)	  was	  used	  to	  characterize	  population	  structure	  as	  
outlined	  in	  Patterson	  et	  al.	  (2006).	  Briefly,	  the	  method	  represents	  bi-­‐allelic	  genotypes	  as	  0	  
(homozygous	  major	  allele),	  1	  (heterozygous),	  2	  (homozygous	  minor	  allele),	  or	  -­‐1	  (missing	  
data).	  After	  centering	  the	  data	  around	  0,	  missing	  data	  were	  imputed	  as	  0.	  Genotypes	  were	  
then	  standardized	  by	  the	  minimum	  allele	  frequency	  (MAF)	  at	  each	  locus	  according	  to	  the	  
formula	  given	  in	  Patterson	  et	  al.	  (2006).	  Due	  to	  the	  sensitivity	  of	  PCA	  to	  outliers,	  outlier	  
samples	  were	  removed	  prior	  to	  analysis	  by	  calculating	  an	  initial	  PCA	  and	  removing	  samples	  
falling	  >	  6	  standard	  deviations	  from	  the	  mean	  value	  on	  any	  of	  the	  first	  ten	  PCA	  axes.	  The	  
process	  was	  repeated	  until	  no	  further	  samples	  were	  removed.	  Centering,	  standardization,	  
missing	  data	  imputation,	  and	  PCA	  were	  performed	  using	  the	  SNPRelate94	  package	  in	  R.	  
Outlier	  detection	  was	  performed	  using	  a	  custom	  R	  script.	  As	  prescribed	  by	  Patterson	  et	  al.	  
(2006),	  PCA	  axes	  were	  assessed	  for	  statistical	  significance	  using	  the	  Tracy-­‐Widom	  
distribution	  as	  the	  null	  distribution.	  	  
	  
To	  characterize	  the	  admixture	  patterns	  among	  populations,	  we	  used	  the	  Bayesian	  method	  
of	  individual	  clustering	  implemented	  in	  STRUCTURE95,96	  v.2.1.	  We	  used	  the	  admixture	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model	  that	  assigns	  individual	  proportions	  of	  genotypes	  to	  each	  of	  one	  of	  K	  clusters,	  with	  K	  
values	  ranging	  from	  2	  to	  6.	  Each	  K	  value	  was	  run	  in	  5	  independent	  runs,	  with	  each	  run	  
consisting	  of	  700,000	  steps.	  The	  first	  100,000	  steps	  were	  discarded	  as	  burn-­‐in.	  
STRUCTURE	  Harvester97	  was	  used	  to	  estimate	  the	  optimal	  value	  of	  K	  using	  the	  methods	  
outlined	  in	  Evanno	  et	  al.	  (2005).	  Separate	  runs	  for	  each	  K-­‐value	  were	  combined	  using	  the	  
program	  CLUMPP98	  v1.1.2	  using	  the	  greedy	  algorithm.	  The	  clusters	  were	  then	  visualized	  
using	  the	  program	  DISTRUCT99	  v1.1.	  To	  decrease	  the	  running	  time,	  we	  only	  performed	  
structure	  analysis	  on	  a	  subset	  of	  loci	  genotyped	  in	  >75%	  of	  individuals	  from	  the	  maximum	  
stringency	  dataset	  (~4,000	  SNPs).	  
	  
2.3.8 Isolation	  By	  Distance	  
To	  detect	  the	  presence	  of	  isolation	  by	  distance	  among	  populations,	  pairwise	  FST	  was	  
calculated	  between	  populations	  using	  the	  diveRsity	  library	  in	  R100.	  The	  geographic	  location	  
of	  each	  population	  was	  taken	  to	  be	  the	  centroid	  of	  the	  1	  km	  sampling	  radius	  from	  which	  
individuals	  in	  that	  population	  were	  captured.	  Pairwise	  earth-­‐arc	  distances	  between	  
populations	  were	  calculated	  using	  the	  FIELDS101	  library	  in	  R.	  Mantel	  tests	  were	  performed	  
using	  the	  VEGAN102	  library	  in	  R	  to	  determine	  the	  magnitude	  and	  significance	  of	  the	  
correlation	  between	  geographic	  and	  genetic	  distances.	  	  
	  
2.3.9 Phylogenetic	  Reconstruction	  
A	  central	  challenge	  of	  reconstructing	  the	  phylogeny	  of	  recently	  diverged	  populations	  or	  
species	  is	  reconciling	  incongruence	  among	  gene	  trees	  resulting	  from	  incomplete	  lineage	  
sorting	  (ILS).	  We	  used	  the	  Bayesian	  software	  SNAPP103	  implemented	  in	  the	  program	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BEAST104	  to	  estimate	  a	  species	  tree	  from	  SNP	  genotypes.	  SNAPP	  attempts	  to	  account	  for	  ILS	  
by	  conditioning	  tree	  topologies	  on	  the	  likelihood	  of	  the	  underlying	  gene	  trees	  using	  a	  
coalescent	  model.	  For	  our	  reconstruction,	  we	  considered	  each	  population	  to	  be	  a	  separate	  
“species”	  and	  attempted	  to	  reconstruct	  the	  phylogeny	  using	  a	  high-­‐quality	  subset	  of	  SNPs.	  
Due	  to	  the	  lack	  of	  SNPs	  with	  complete	  information	  (100%	  genotype	  rate)	  in	  the	  maximum	  
stringency	  dataset,	  the	  medium	  stringency	  dataset	  was	  used	  for	  reconstruction.	  For	  each	  
independent	  run,	  a	  set	  of	  600	  SNPs	  was	  chosen	  from	  the	  medium	  stringency	  dataset	  such	  
that	  each	  SNP	  was	  called	  in	  100%	  of	  individuals	  and	  no	  two	  SNPs	  appeared	  on	  the	  same	  
contig	  to	  approximately	  satisfy	  the	  condition	  of	  independence	  among	  loci.	  Three	  
individuals	  were	  randomly	  chosen	  from	  17	  populations	  to	  represent	  each	  “species”;	  
genotypes	  at	  selected	  SNP	  markers	  were	  used	  as	  input	  to	  SNAPP.	  We	  used	  default	  settings	  
for	  most	  parameters	  and	  analyses	  were	  checked	  for	  convergence	  using	  TRACER105,	  making	  
sure	  that	  relevant	  parameters	  reached	  an	  effective	  sample	  size	  >200	  after	  burn-­‐in.	  Four	  
independent	  runs	  were	  performed	  using	  this	  process	  to	  verify	  the	  stability	  of	  the	  resulting	  
tree	  topology.	  SNPs	  and	  individuals	  were	  resampled	  for	  each	  run.	  DensiTree106	  was	  used	  to	  
visualize	  the	  posterior	  distribution	  of	  the	  resulting	  species	  trees.	  	  
2.3.10 Approximate	  Bayesian	  Computation	  
In	  order	  to	  infer	  the	  most	  likely	  demographic	  history	  explaining	  contemporary	  patterns	  of	  
genetic	  structure,	  we	  performed	  approximate	  Bayesian	  computations	  with	  the	  computer	  
program	  DIYABC107	  v.2.1.	  Approximate	  Bayesian	  computation	  allows	  the	  comparison	  of	  
competing	  demographic	  scenarios	  and	  inference	  of	  historical	  parameters	  (e.g.	  time	  since	  
divergence)	  for	  complex	  scenarios	  where	  the	  likelihood	  of	  a	  demographic	  history	  cannot	  be	  
calculated	  directly.	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A	  number	  of	  within	  and	  between	  population	  summary	  statistics	  were	  chosen	  to	  assess	  the	  
similarity	  of	  genotypes	  simulated	  under	  an	  evolutionary	  scenario	  to	  our	  observed	  
genotypes.	  Genetic	  variation	  within	  and	  between	  the	  five	  populations	  (True	  West,	  
Kentucky/West	  Virginia,	  Central,	  Blue	  Ridge,	  True	  East)	  was	  summarized	  by	  the	  mean	  
number	  of	  alleles	  per	  locus,	  the	  variance	  of	  alleles	  per	  locus,	  the	  mean	  expected	  
heterozygosity,	  the	  variance	  of	  expected	  heterozygosity,	  and	  all	  pairwise	  FST’s.	  	  
Additionally,	  in	  the	  Kentucky/West	  Virginia	  populations,	  the	  Blue	  Ridge	  populations,	  and	  
the	  central	  populations,	  we	  also	  used	  the	  percent	  of	  East/West	  admixture	  as	  a	  summary	  
statistic.	  A	  total	  of	  55	  summary	  statistics	  were	  generated	  for	  each	  simulated	  dataset.	  	  
	  
To	  reduce	  computation	  time,	  a	  subset	  of	  genotypes	  present	  in	  >75%	  of	  individuals	  was	  
used	  as	  input	  (~4000	  SNPs)	  to	  DIYABC.	  To	  ensure	  this	  subset	  accurately	  reflected	  patterns	  
of	  genetic	  structure	  in	  the	  global	  dataset,	  separate	  PCAs	  were	  computed	  for	  the	  >75%	  
subset	  and	  the	  full	  dataset	  after	  these	  SNPs	  had	  been	  excluded	  using	  the	  methodology	  
explained	  above.	  Because	  major	  patterns	  of	  genetic	  structure	  were	  observed	  to	  be	  robust	  
across	  all	  subsets,	  we	  concluded	  that	  our	  set	  of	  ~4,000	  SNPs	  genotyped	  in	  >75%	  of	  
individuals	  was	  reflective	  of	  genetic	  structure	  present	  across	  all	  loci.	  	  
	  
Prior	  distributions	  of	  model	  parameters	  were	  chosen	  empirically.	  A	  set	  of	  prior	  
distributions/summary	  statistics	  was	  deemed	  acceptable	  if	  the	  observed	  genotypes	  fell	  
somewhere	  in	  the	  main	  point	  cloud	  of	  a	  PCA	  computed	  from	  simulated	  data.	  We	  chose	  
flat/uniform	  prior	  distributions	  for	  all	  demographic	  parameters.	  Initially,	  prior	  
	  
	   45	  
distributions	  for	  ancestral	  divergence	  times	  were	  bound	  between	  1	  and	  100,000	  
generations.	  Because	  the	  resulting	  posterior	  distribution	  for	  ancestral	  divergence	  times	  
was	  centered	  around	  10,000-­‐20,000	  generations	  for	  all	  scenarios,	  we	  restricted	  the	  prior	  
distribution	  in	  the	  final	  run	  to	  range	  from	  1	  to	  25,000	  generations.	  The	  prior	  distribution	  
for	  ancestral	  effective	  population	  sizes	  was	  initially	  bound	  from	  10	  to	  10,000.	  Subsequent	  
runs	  revealed	  that	  larger	  effective	  population	  sizes	  were	  needed	  to	  explain	  many	  scenarios,	  
resulting	  in	  a	  final	  prior	  distribution	  for	  most	  ancestral	  effective	  population	  sizes	  ranging	  
from	  1	  to	  1,000,000.	  	  
	  
	  
We	  performed	  four	  independent	  runs	  consisting	  of	  consisting	  of	  10,000,000	  simulated	  data	  
sets	  (1,000,000	  datasets/scenario)	  each.	  The	  posterior	  probability	  of	  each	  scenario	  was	  
assessed	  using	  a	  weighted	  polychotomous	  logistic	  regression	  that	  considered	  only	  the	  
closest	  1%	  of	  simulated	  datasets	  relative	  to	  the	  observed	  genotypes	  (calculated	  from	  PCA	  
computed	  using	  summary	  statistics	  of	  simulated	  datasets).	  To	  explore	  the	  sensitivity	  of	  
posterior	  probability	  estimates,	  we	  also	  used	  the	  direct	  method	  to	  determine	  posterior	  
probability	  by	  counting	  the	  number	  of	  occurrences	  of	  each	  scenario	  among	  the	  500	  
simulated	  datasets	  most	  similar	  to	  our	  observed	  data	  as	  determined	  by	  computing	  the	  
Euclidean	  distance	  between	  datasets	  using	  our	  summary	  statistics.	  Once	  the	  most	  likely	  
scenario	  among	  the	  10	  competing	  scenarios	  was	  identified,	  we	  used	  a	  local	  linear	  
regression	  to	  estimate	  the	  posterior	  distributions	  of	  parameters	  under	  this	  scenario.	  To	  do	  
this,	  we	  took	  the	  10,000	  (1%)	  simulated	  datasets	  closest	  to	  our	  real	  dataset	  for	  the	  logistic	  
regression	  after	  applying	  a	  logit	  transformation	  to	  parameter	  values.	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2.4 Results	  
2.4.1 Characterization	  of	  SNP	  Genotyping	  Data	  
Exploring	  the	  parameter	  space	  of	  SNP	  filtering	  criteria	  resulted	  in	  three	  SNP	  datasets	  
containing	  44,949	  (most	  conservative	  filtering	  strategy),	  247,460	  (moderately	  
conservative),	  and	  340,204	  (least	  conservative)	  SNPs,	  respectively.	  	  
	  
	  
Figure	  6	  Venn	  diagram	  of	  SNPs	  identified	  by	  different	  SNP	  calling/hard	  filtering	  strategies.	  Bold	  numbers	  indicate	  
the	  number	  of	  SNPs	  unique	  to	  each	  intersection.	  The	  most	  conservative	  hard	  filtering	  strategy	  resulted	  in	  44,9494	  
SNPs.	  The	  moderately	  conservative	  strategy	  resulted	  in	  247,460	  SNPs.	  The	  least	  conservative	  strategy	  identified	  
340,204	  SNPs.	  As	  indicated	  in	  the	  Venn	  diagram,	  the	  majority	  of	  SNPs	  (66.8%)	  were	  identified	  by	  two	  or	  more	  
filtering	  strategies.	  Of	  the	  ~45k	  SNP	  identified	  by	  the	  most	  conservative	  strategy,	  only	  927	  (~0.3%)	  were	  not	  
identified	  by	  the	  other	  strategies.	  With	  the	  exception	  of	  five	  SNPs,	  all	  of	  the	  SNPs	  identified	  by	  the	  moderately	  
conservative	  strategy	  were	  identified	  by	  the	  least	  conservative.	  More	  than	  100k	  SNPs	  identified	  by	  the	  least	  
conservative	  strategy	  were	  not	  identified	  by	  any	  of	  the	  others.	  Because	  all	  SNPs	  called	  by	  the	  most	  conservative	  
and	  moderately	  conservative	  filtering	  strategies	  were	  present	  in	  more	  than	  one	  dataset,	  we	  were	  most	  confident	  
these	  SNPs	  represent	  true	  variable	  positions	  in	  the	  genome.	  	  
	  
	   47	  
As	  shown	  in	  Figure	  6,	  more	  than	  66%	  of	  all	  SNPs	  were	  present	  in	  multiple	  datasets;	  42,539	  
SNPs	  were	  identified	  by	  all	  three	  filtering	  strategies.	  Because	  most	  (99.3%)	  of	  the	  SNPs	  in	  
our	  most	  conservative	  dataset	  were	  also	  present	  in	  both	  of	  the	  others,	  we	  were	  confident	  
the	  SNPs	  identified	  by	  this	  filtering	  strategy	  reflected	  true	  variable	  positions	  in	  the	  genome	  
of	  O.	  disjunctus.	  We	  found	  some	  evidence	  to	  suggest	  the	  least	  conservative	  strategy	  resulted	  
in	  a	  large	  number	  of	  false	  positive	  SNPs	  (see	  appendix	  for	  further	  discussion).	  As	  a	  result,	  
we	  generally	  preferred	  to	  consider	  only	  SNPs	  identified	  by	  the	  more	  conservative	  
strategies	  when	  possible.	  A	  more	  detailed	  comparison	  of	  the	  SNPs	  recovered	  by	  the	  
different	  methods	  can	  be	  found	  in	  the	  appendix.	  
	  
Missing	  genotypes	  appeared	  to	  be	  more	  or	  less	  evenly	  distributed	  across	  sampling	  
populations.	  After	  removing	  two	  samples	  that	  were	  genotyped	  at	  less	  than	  1%	  of	  loci	  in	  all	  
three	  datasets	  (Auburn,	  Alabama	  1;	  Chattanooga,	  TN	  4),	  the	  number	  of	  individuals	  per	  
population	  ranged	  from	  five	  (Huntington,	  WV)	  to	  nine	  (8	  populations)	  with	  an	  average	  of	  
8.17	  samples	  per	  population.	  	  
Table	  2	  Summary	  of	  Sampling	  and	  Missing	  Genotypes	  by	  Population.	  The	  color	  scale	  shown	  corresponds	  to	  the	  
relative	  amount	  of	  missing	  genotype	  data	  in	  each	  population	  and	  ranges	  from	  to	  red	  (relatively	  high	  levels	  of	  
missing	  data)	  to	  green	  (relatively	  low	  levels).	  The	  number	  of	  beetles	  in	  each	  population	  ranged	  from	  5	  (Huntington,	  
WV)	  to	  9	  (multiple	  samples)	  with	  an	  average	  population	  size	  of	  ~8.	  Most	  populations	  were	  represented	  by	  at	  least	  
8	  individuals.	  As	  expected	  with	  genotyping	  by	  sequencing	  methods,	  we	  observed	  a	  non-­‐trivial	  amount	  of	  missing	  
genotypes	  where	  not	  enough	  information	  was	  available	  to	  confidently	  determine	  an	  individual’s	  genotype	  at	  a	  
particular	  locus.	  The	  percentage	  of	  missing	  genotypes	  in	  each	  population	  ranged	  from	  0.21	  (Roanoke,	  VA)	  to	  0.37	  
(Charleston,	  SC)	  with	  an	  average	  of	  28%	  genotypes	  missing.	  Due	  to	  the	  overall	  amount	  of	  missing	  genotypes	  and	  
the	  significant	  differences	  between	  populations,	  we	  explored	  the	  sensitivity	  of	  major	  analyses	  to	  non-­‐random	  
patterns	  of	  missing	  data	  where	  pertinent.	  	  	  
Population	   Abbrv.	   No.	  Samples	  
%	  Missing	  
Genotypes*	  
Auburn,	  AL	   A-­‐AL	   9	   0.28	  
Apalachicola,	  FL	   Ap-­‐FL	   8	   0.35	  
Bienville	  NF,	  MS	   BNF-­‐MS	   9	   0.25	  
Buena	  Vista,	  VA	   BV-­‐VA	   9	   0.31	  
	  
	   48	  
Charleston,	  SC	   C-­‐SC	   9	   0.37	  
Charlotte,	  NC	   Ch-­‐NC	   8	   0.22	  
Chattanooga,	  TN	   Ch-­‐TN	   8	   0.23	  
Charlottesville,	  VA	   Cvill-­‐VA	   8	   0.23	  
Front	  Royal,	  VA	   FR-­‐VA	   6	   0.32	  
Goshen,	  KY	   G-­‐KY	   9	   0.29	  
Hammond,	  LA	   HA-­‐LA	   8	   0.31	  
Hot	  Spring,	  AR	   HS-­‐AR	   8	   0.33	  
Holly	  Spring,	  MS	   HS-­‐MS	   9	   0.23	  
Huntington,	  WV	   HU-­‐WV	   5	   0.31	  
Kuttawa,	  KY	   K-­‐KY	   8	   0.23	  
Marais	  de	  Cygnes	  NF,	  KS	   MDC-­‐KS	   9	   0.28	  
Morgantown,	  WV	   MT-­‐WV	   9	   0.31	  
Mark	  Twain	  NF,	  MO	   MTNF-­‐MO	   9	   0.28	  
Richmond,	  VA	   Ric-­‐VA	   7	   0.26	  
Roanoke,	  VA	  (Mill	  Mountain	  Park)	   Ro-­‐VA-­‐1	   8	   0.21	  
Roanoke,	  VA	   Ro-­‐VA-­‐2	   8	   0.25	  
Savannah,	  GA	   SA-­‐GA	   9	   0.27	  
Uwharrie	  NF,	  NC	   UW-­‐NC	   8	   0.28	  
Average	   	  	   8.17	   0.28	  
	   	   	   	  *Calculated	  From	  Moderately	  Filtered	  SNP	  dataset	  
	  
The	  average	  individual	  was	  genotyped	  at	  63%	  of	  loci	  (sd:	  9.1%,	  min:	  33%,	  max:	  73%).	  The	  
average	  amount	  of	  missing	  genotypes	  per	  population	  was	  28.1%	  (sd:	  4.0%,	  min:	  63.3%,	  
max:	  79.4%),	  and	  we	  observed	  only	  a	  few	  populations	  that	  deviated	  from	  this	  significantly.	  
Notably,	  populations	  from	  Charleston,	  SC	  (37%	  missing	  genotypes)	  and	  Apalachicola	  
National	  Forest,	  FL	  (35%	  missing	  genotypes)	  contained	  the	  highest	  amounts	  of	  missing	  
genotypes	  across	  all	  three	  SNP	  datasets.	  Though	  non-­‐random	  patterns	  of	  missing	  data	  have	  
the	  potential	  to	  impact	  population	  genetic	  analyses,	  we	  found	  no	  evidence	  that	  any	  of	  our	  
results	  were	  an	  artifact	  of	  differences	  in	  the	  amount	  of	  missing	  data	  between	  populations.	  
Throughout	  this	  section,	  we	  address	  this	  potential	  source	  of	  bias	  where	  appropriate.	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2.4.2 Hardy	  Weinberg	  Equilibrium	  
Most	  loci	  were	  observed	  to	  be	  in	  Hardy	  Weinberg	  equilibrium	  in	  most	  populations.	  Only	  
the	  two	  Mississippi	  populations	  (Bienville	  National	  Forest,	  MS;	  Holly	  Spring	  National	  
Forest,	  MS)	  contained	  loci	  out	  of	  HWE	  (~23%	  of	  loci	  in	  both)	  when	  correcting	  for	  multiple	  
comparisons	  (FDR	  correction).	  Even	  when	  considering	  these	  populations,	  the	  vast	  majority	  
of	  loci	  in	  all	  populations	  were	  not	  found	  to	  be	  significantly	  different	  from	  expectations	  
under	  HWE.	  The	  dearth	  of	  populations	  observed	  to	  be	  out	  of	  HWE	  provides	  an	  additional	  
measure	  of	  data	  quality.	  
	  
Additionally,	  we	  detected	  an	  surplus	  of	  heterozygosity	  that	  was	  consistent	  across	  all	  
populations.	  	  As	  shown	  in	  Figure	  7,	  the	  average	  inbreeding	  coefficient	  (FIS)	  across	  
populations	  was	  observed	  to	  be	  -­‐0.2	  and	  we	  found	  no	  significant	  differences	  between	  
populations	  (ANOVA;	  p	  =	  0.37).	  This	  suggests	  either	  the	  species	  is	  moderately	  outbreeding	  
or	  the	  consistent	  introduction	  of	  some	  methodological	  artifact	  across	  all	  samples.	  In	  the	  
case	  of	  the	  latter,	  an	  explanation	  might	  be	  that	  some	  SNPs	  were	  called	  between	  paralog	  
sequences	  or	  the	  presence	  of	  some	  bacterial	  contamination.	  In	  either	  case,	  this	  potential	  
bias	  appears	  to	  be	  uniformly	  distributed	  across	  samples.	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Figure	  7	  Inbreeding	  Coefficient	  Distributions	  By	  Population.	  The	  boxplot	  displays	  the	  multilocus	  FIS	  distribution	  of	  
population.	  Negative	  average	  inbreeding	  coefficients	  across	  all	  populations	  suggests	  moderate	  outbreeding	  of	  the	  
species	  and	  possibly	  the	  effect	  of	  small	  sample	  sizes	  within	  each	  population.	  	  
2.4.3 Population	  Structure	  
Consistent	  with	  a	  scenario	  of	  refugial	  isolation	  and	  rapid	  post-­‐Pleistocene	  range	  expansion,	  
we	  found	  that	  the	  phylogeography	  of	  O.	  disjunctus	  exhibits	  a	  sharp	  discontinuity	  at	  the	  
Appalachian-­‐Apalachicola	  divide—the	  two	  most	  common	  phylogeographic	  breaks	  
observed	  by	  Soltis	  &	  Soltis	  (2006).	  Though	  only	  moderate	  population	  structure	  was	  
detected	  across	  all	  populations	  (global	  FST	  =	  0.0789),	  we	  observed	  a	  discrete	  break	  in	  
genetic	  structure	  between	  populations	  on	  either	  side	  of	  the	  Appalachian	  
Mountains/Apalachicola	  River	  Basin.	  As	  shown	  in	  Figure	  8a,	  the	  dominant	  PCA	  axis	  
appears	  to	  separate	  populations	  into	  three	  large	  regional	  populations:	  west	  of	  the	  
Appalachian-­‐Apalachicola	  divide	  (Western	  Clade:	  MS,	  KS,	  MO,	  KY,	  WV,	  LA,	  AR),	  east	  of	  the	  
Appalachian-­‐Apalachicola	  divide	  (Eastern	  Clade:	  VA,	  SC,	  NC,	  GA),	  and	  central	  populations	  
which	  fall	  along	  the	  divide	  itself	  (Central	  Clade:	  FL,	  AL,	  TN).	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Additionally,	  we	  found	  evidence	  of	  nested	  structure	  within	  the	  larger	  regional	  populations	  
on	  either	  side	  of	  the	  discontinuity.	  As	  shown	  in	  Figure	  8b,	  samples	  closest	  to	  the	  
Appalachian	  Mountain	  range	  (Midwestern	  populations	  in	  the	  west;	  Blue	  Ridge	  populations	  
in	  the	  east)	  separate	  from	  other	  East/West	  populations	  along	  the	  second	  principal	  
component.	  A	  calculation	  of	  nested	  FST	  confirmed	  the	  nested	  population	  structure,	  with	  the	  
East/West/Central	  divide	  explaining	  6.6%	  (95%	  C.I.:	  6.43	  –	  6.77)	  of	  the	  genetic	  variation	  
and	  substructure	  with	  East/West	  clades	  explaining	  an	  additional	  2.2%	  (95%	  C.I.:	  1.94	  –	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Figure	  8	  PCA	  of	  Population	  Structure.	  Population	  structure	  was	  inferred	  from	  SNP	  genotypes	  using	  ordination	  
methods	  as	  described	  in	  Patterson	  et	  al.	  (2006).	  Colored	  points	  represent	  an	  individual’s	  position	  on	  along	  the	  first	  
two	  principal	  components;	  the	  percent	  of	  the	  total	  variation	  explained	  by	  each	  axis	  is	  shown	  in	  parentheses.	  
Population	  structure	  exhibits	  a	  clear	  break	  along	  the	  Appalachian	  Mountain-­‐Apalachicola	  River	  divide.	  Shown	  in	  
panel	  (A),	  individuals	  are	  separated	  along	  the	  first	  principal	  component	  into	  three	  distinct	  clusters.	  Shown	  in	  panel	  
(B),	  individuals	  are	  separated	  within	  these	  larger	  clusters	  along	  the	  second	  principal	  component.	  The	  geographic	  
locations	  of	  clusters	  are	  shown	  in	  the	  maps	  adjoining	  each	  PCA	  plot.	  	  
Increasing	  our	  confidence	  that	  this	  pattern	  reflects	  the	  true	  population	  structure,	  PCA	  
results	  were	  consistent	  across	  all	  SNP	  calling/filtering	  strategies,	  and	  we	  found	  no	  evidence	  
these	  results	  were	  an	  artifact	  of	  non-­‐random	  missing	  data	  patterns.	  As	  shown	  in	  Figure	  9a,	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PCA	  recovered	  essentially	  the	  same	  population	  structure	  regardless	  of	  the	  SNP	  dataset	  
used.	  To	  determine	  whether	  this	  finding	  might	  be	  an	  artifact	  of	  missing	  data	  patterns,	  we	  
re-­‐calculated	  PCA	  on	  SNP	  datasets	  containing	  decreasing	  amounts	  of	  missing	  data.	  If	  the	  
population	  structure	  determined	  from	  the	  full	  dataset	  were	  an	  artifact	  of	  non-­‐random	  
missing	  data	  patterns,	  we	  would	  not	  expect	  to	  recover	  the	  same	  pattern	  among	  SNPs	  with	  
low	  levels	  of	  missing	  data.	  Population	  structure	  was	  re-­‐analyzed	  using	  subsets	  of	  SNPs	  
from	  the	  full	  dataset	  called	  in	  >70%,	  >80%,	  >90%,	  and	  >97%	  of	  samples.	  As	  can	  be	  clearly	  
seen	  in	  Figure	  9b,	  PCA	  revealed	  essentially	  the	  same	  pattern	  across	  all	  levels	  of	  missing	  
data.	  Notably,	  the	  pattern	  did	  begin	  to	  break	  down	  when	  SNPs	  called	  in	  >97%	  of	  
individuals	  (<3%	  missing	  data)	  were	  used	  to	  infer	  population	  structure,	  though	  this	  is	  
likely	  due	  to	  the	  small	  number	  of	  SNPs	  meeting	  this	  criteria	  (<1000	  SNPs).	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Figure	  9	  Sensitivity	  of	  Population	  Structure	  to	  SNP	  Calling	  Stringency	  and	  Missing	  Genotypes.	  To	  explore	  the	  
possibility	  that	  the	  population	  structure	  resulting	  from	  PCA	  might	  be	  an	  artifact	  of	  hard	  filtering	  criteria	  or	  non-­‐
random	  patterns	  of	  missing	  genotypes,	  we	  explored	  the	  sensitivity	  of	  population	  structure	  to	  each.	  Panel	  (A)	  
displays	  the	  results	  of	  PCAs	  computed	  for	  each	  of	  the	  SNP	  datasets	  created	  using	  different	  hard	  filtering	  criteria.	  
The	  consistency	  of	  the	  pattern	  across	  filtering	  strategies	  suggests	  population	  structure	  is	  likely	  not	  an	  artifact	  of	  
hard	  filtering	  criteria.	  Panel	  (B)	  displays	  the	  results	  of	  PCAs	  computed	  on	  SNPs	  with	  increasingly	  small	  amounts	  of	  
missing	  data.	  At	  each	  level	  of	  missing	  data,	  the	  full	  SNP	  dataset	  was	  subset	  to	  include	  only	  SNPs	  with	  less	  than	  that	  
amount	  of	  missing	  data.	  The	  consistency	  of	  population	  structure	  across	  nearly	  all	  thresholds	  of	  missing	  data	  
suggests	  this	  pattern	  likely	  reflects	  true	  population	  structure.	  Though	  the	  pattern	  did	  break	  down	  at	  the	  3%	  
missing	  data	  threshold,	  this	  is	  likely	  a	  reflection	  of	  the	  small	  number	  of	  SNPs	  exceeding	  this	  threshold	  (<1000	  
SNPs).	  	  	  
The	  patterns	  of	  population	  structure	  determined	  by	  PCA	  were	  largely	  corroborated	  by	  
results	  from	  STRUCTURE.	  Though	  we	  considered	  a	  wide	  number	  of	  potential	  sources	  of	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origin	  (k=2-­‐7),	  here	  we	  present	  only	  the	  results	  when	  two	  or	  three	  sources	  of	  origin	  were	  
considered	  as	  these	  appear	  to	  be	  the	  optimal	  (k=3)	  or	  nearly	  optimal	  (k=2)	  k-­‐values	  as	  
determined	  by	  the	  Evanno	  method108.	  	  
	  
When	  SNP	  data	  were	  attributed	  to	  two	  sources	  of	  origin	  (k=2),	  individuals	  from	  the	  Eastern	  
and	  Western	  clades	  were	  almost	  entirely	  assigned	  to	  separate	  clusters	  (Q1	  >	  0.9	  or	  Q2	  >	  
0.9),	  while	  Central	  clade	  individuals	  were	  almost	  entirely	  admixed	  between	  the	  two	  (0.4	  <	  
Q1	  <0.6).	  Clearly	  seen	  in	  Figure	  10a,	  these	  results	  demonstrate	  the	  discrete	  nature	  of	  the	  
disjunction	  between	  populations	  on	  either	  side	  of	  the	  Appalachian-­‐Apalachicola	  
discontinuity.	  Considered	  alongside	  the	  position	  of	  the	  Central	  clade	  along	  the	  first	  
principal	  component,	  Central	  clade	  cluster	  assignments	  are	  consistent	  with	  a	  scenario	  of	  
secondary	  contact	  between	  disjoint	  refugial	  populations.	  	  
	  




Figure	  10	  STRUCTURE	  Results.	  To	  confirm	  the	  results	  of	  PCA	  and	  test	  for	  the	  presence	  of	  admixture	  in	  the	  Central	  
clade,	  population	  structure	  was	  also	  determined	  using	  the	  program	  STRUCTURE.	  Shown	  above	  each	  map	  are	  the	  
cluster	  assignments	  from	  two	  separate	  runs;	  the	  results	  are	  ordered	  by	  the	  clades	  determined	  from	  PCA.	  Cluster	  
assignments	  assuming	  two	  sources	  of	  origin	  (k=2)	  are	  shown	  in	  panel	  (A).	  Cluster	  assignments	  assuming	  three	  
sources	  of	  origin	  (k=3)	  are	  shown	  in	  panel	  (B).	  Pie	  graphs	  shown	  on	  each	  map	  correspond	  to	  the	  average	  cluster	  
assignments	  determined	  within	  each	  population.	  The	  results	  largely	  corroborate	  the	  population	  structure	  
determined	  using	  PCA	  and	  support	  a	  scenario	  of	  admixture/secondary	  contact	  in	  the	  Central	  clade.	  	  	  	  
Though	  the	  distinction	  between	  East/West	  individuals	  was	  still	  apparent	  when	  three	  
sources	  of	  origin	  were	  considered	  (k=3),	  the	  ancestry	  of	  individuals	  close	  to	  the	  
Appalachian-­‐Apalachicola	  discontinuity	  (Midwest,	  Blue	  Ridge,	  Central)	  were	  assigned	  to	  
varying	  degrees	  to	  a	  third	  cluster	  (shown	  in	  dark	  purple	  in	  Figure	  10b).	  Shown	  in	  in	  Figure	  
10b,	  assignment	  to	  this	  third	  cluster	  appeared	  to	  decrease	  as	  a	  function	  of	  distance	  away	  
from	  the	  discontinuity.	  With	  the	  exception	  of	  the	  Florida	  population,	  >75%	  of	  Central	  clade	  
ancestry	  was	  assigned	  to	  this	  third	  cluster.	  Interestingly,	  while	  Blue	  Ridge	  (East)	  and	  
Midwestern	  (West)	  individuals	  were	  assigned	  mostly	  to	  their	  respective	  ancestral	  clusters,	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the	  level	  of	  non-­‐ancestral	  admixture	  from	  this	  third	  cluster	  was	  similar	  in	  both	  clades	  
(~25%).	  	  
	  
2.4.4 Population	  Differentiation	  Within	  and	  Among	  Clades	  
Pairwise	  FST	  was	  used	  to	  further	  explore	  patterns	  of	  population	  differentiation	  within	  and	  
among	  the	  clades	  identified	  by	  PCA/STRUCTURE	  (Figure	  11a).	  	  
	  
	  
Figure	  11	  Population	  Differentiation	  Within	  and	  Among	  Clades.	  Population	  differentiation	  was	  assessed	  using	  
pairwise	  FST	  computed	  between	  populations	  using	  the	  diveRsity	  library	  in	  the	  R	  programming	  environment.	  The	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heatmap	  shown	  in	  panel	  (A)	  displays	  the	  levels	  of	  population	  differentiation	  between	  all	  23	  populations;	  the	  color	  
scale	  shown	  ranges	  from	  red	  (highly	  differentiated)	  to	  white	  (highly	  similar).	  Panels	  (B)	  and	  (C)	  display	  the	  average	  
pairwise	  FST	  between	  populations	  in	  the	  larger	  clades	  (B)	  and	  nested	  clades	  (C).	  Panels	  (D)	  and	  (E)	  display	  the	  
average	  pairwise	  FST	  within	  each	  of	  the	  larger	  clades	  (D)	  and	  nested	  clades	  (E).	  Global	  FST	  across	  all	  populations	  is	  
shown	  by	  the	  dotted	  line	  in	  each	  plot.	  Among	  the	  larger	  clades,	  population	  differentiation	  was	  highest	  between	  
the	  Eastern	  and	  Western	  clades	  and	  lowest	  between	  the	  Eastern	  and	  Central	  clades.	  These	  results	  are	  largely	  
reflected	  among	  nested	  clades.	  Within	  clade	  differentiation	  was	  significantly	  lower.	  Differentiation	  within	  the	  
larger	  clades	  was	  highest	  in	  the	  Western	  clade	  and	  lowest	  in	  the	  Eastern	  clade.	  Differentiation	  within	  the	  nested	  
clades	  was	  consistently	  low,	  though	  highest	  in	  the	  Central	  clade.	  	  
As	  expected	  under	  a	  scenario	  of	  refugial	  isolation	  and	  rapid	  range	  expansion,	  
differentiation	  was	  significantly	  higher	  between	  clades	  than	  among	  them.	  Among	  the	  larger	  
clades	  (Figure	  11b),	  the	  highest	  level	  of	  population	  differentiation	  was	  observed	  between	  
the	  East	  and	  West	  clades	  (average	  pairwise	  FST	  =	  0.13).	  This	  pattern	  was	  also	  observed	  
among	  nested	  clades	  (Figure	  11c).	  Within	  the	  larger	  clades	  (Figure	  11d),	  population	  
differentiation	  was	  highest	  in	  the	  Western	  clade	  (average	  pairwise	  FST	  =	  0.034).	  We	  
detected	  only	  slight	  population	  differentiation	  within	  each	  of	  the	  nested	  clades	  (Figure	  
11e),	  with	  populations	  in	  the	  Central	  clade	  being	  the	  most	  differentiated	  (average	  pairwise	  
FST	  =	  0.025).	  Interestingly,	  though	  True	  West	  populations	  were	  distributed	  over	  by	  far	  the	  
largest	  geographic	  extent,	  they	  were	  not	  significantly	  more	  differentiated	  than	  populations	  
within	  the	  other	  nested	  clades.	  	  
	  
Consistent	  with	  a	  scenario	  of	  isolation	  by	  distance,	  Mantel	  tests	  revealed	  statistically	  
significant	  relationships	  between	  genetic	  divergence	  and	  geographic	  distance	  at	  nearly	  
every	  level	  of	  population	  structural	  hierarchy	  (results	  shown	  in	  Table	  3).	  	  
Table	  3	  Tests	  for	  Isolation	  by	  Distance.	  Mantel	  tests	  were	  performed	  at	  various	  levels	  of	  population	  structural	  
hierarchy	  to	  determine	  whether	  genetic	  distance	  was	  significantly	  correlated	  with	  geographic	  distance.	  
Significance	  was	  assessed	  using	  either	  999	  permutations	  or	  the	  complete	  set	  of	  possible	  permutations	  when	  fewer	  
than	  999	  permutations	  were	  possible	  between	  a	  set	  of	  samples.	  Tests	  for	  IBD	  were	  significant	  at	  most	  levels	  of	  
population	  structure.	  Tests	  for	  IBD	  were	  insignificant	  only	  within	  nested	  clades	  that	  contained	  4	  or	  fewer	  samples.	  
The	  comparably	  high	  levels	  of	  within-­‐population	  differentiation	  observed	  among	  all	  nested	  clades	  suggests	  we	  
likely	  would	  have	  detected	  IBD	  within	  all	  nested	  clades	  with	  a	  higher	  sampling	  density.	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Clade	   Mantel	  R	   P-­‐value	   Num.	  Pops	   Permutations	  
All	  Populations	   0.63	   0.001***	   23	   999	  
Western	   0.77	   0.001***	   10	   999	  
Eastern	   0.67	   0.001***	   10	   999	  
Central	   0.98	   0.333	   3	   5	  
True	  West	   0.57	   0.036**	   6	   719	  
Midwest	   0.10	   0.458	   4	   23	  
True	  East	   0.89	   0.004**	   6	   719	  
Blue	  Ridge	   1.00	   0.083*	   4	   23	  
	  
At	  the	  highest	  levels	  of	  population	  structure,	  IBD	  was	  detected	  across	  all	  populations	  and	  
within	  both	  the	  Eastern	  and	  Western	  clades.	  Though	  we	  did	  not	  detect	  IBD	  in	  the	  Central	  
clade,	  the	  moderate	  levels	  of	  differentiation	  we	  observed	  between	  these	  populations	  
suggests	  this	  may	  be	  an	  artifact	  of	  sample	  size	  (n=3).	  Within	  the	  nested	  clades,	  IBD	  was	  
detected	  in	  the	  True	  East	  and	  True	  West	  clades.	  Though	  we	  cannot	  confidently	  say	  whether	  
populations	  within	  other	  nested	  clades	  support	  a	  scenario	  of	  IBD,	  the	  presence	  of	  IBD	  
within	  the	  similarly	  differentiated	  True	  East	  and	  True	  West	  clades	  suggests	  we	  may	  have	  
found	  support	  for	  this	  model	  with	  higher	  sampling	  densities.	  	  	  
	  
2.4.5 Range	  Expansion	  
Correlations	  between	  genetic	  diversity	  and	  geography	  were	  performed	  to	  determine	  
whether	  populations	  exhibited	  geographic	  gradients	  in	  genetic	  diversity	  expected	  under	  a	  
scenario	  of	  rapid	  expansion	  from	  glacial	  refugia.	  Though	  expected	  heterozygosity	  (He)	  
appears	  to	  be	  significantly	  correlated	  with	  geography,	  we	  also	  observed	  an	  effect	  of	  SNP	  
filtering	  strategy	  on	  our	  estimates	  of	  He.	  As	  shown	  in	  Table	  4,	  though	  diversity	  estimates	  
were	  generally	  consistent	  across	  SNP	  datasets	  for	  most	  populations,	  some	  varied	  widely	  
between	  the	  three.	  For	  instance,	  populations	  from	  Marias	  de	  Cygnes	  (KS),	  Savannah	  (GA),	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and	  Mark	  Twain	  National	  Forest	  (MO)	  could	  be	  considered	  either	  high	  diversity	  
populations	  or	  low	  diversity	  populations	  depending	  on	  the	  SNP	  dataset	  used.	  	  
	  
Table	  4	  Average	  Expected	  Heterozygosity	  by	  Population.	  Genetic	  diversity	  was	  estimated	  within	  each	  population	  
by	  calculating	  the	  average	  expected	  heterozygosity	  (He)	  across	  all	  SNPs	  with	  a	  correction	  for	  small	  sample	  sizes	  as	  
outlined	  in	  Nei	  and	  Roychoudhury	  (1974).	  To	  explore	  the	  potential	  impact	  of	  hard	  filtering	  criteria	  on	  diversity	  
estimates,	  He	  was	  determined	  separately	  for	  using	  each	  genotype	  dataset.	  The	  color	  scale	  indicates	  the	  level	  of	  
diversity	  within	  each	  population	  relative	  to	  other	  populations	  for	  a	  given	  genotype	  dataset	  (red=low,	  green=high).	  
The	  level	  of	  confidence	  in	  our	  estimate	  of	  the	  relative	  diversity	  for	  each	  population	  can	  be	  approximated	  by	  the	  
consistency	  of	  its	  colors	  across	  all	  three	  datasets.	  There	  appears	  to	  be	  a	  moderately	  significant	  effect	  of	  SNP	  
filtering	  stringency	  on	  diversity	  estimates.	  Though	  relative	  diversity	  estimates	  are	  generally	  consistent	  for	  most	  
populations,	  some	  populations	  are	  considered	  “high	  diversity”	  when	  He	  is	  determined	  using	  one	  genotype	  dataset	  
and	  “low	  diversity”	  when	  using	  another.	  In	  light	  of	  this,	  the	  robustness	  of	  spatial	  patterns	  of	  genetic	  diversity	  to	  








Population	   Average	  He	   Average	  He	   Average	  He	  
A-­‐AL	   0.200	   0.173	   0.135	  
Ap-­‐FL	   0.192	   0.170	   0.134	  
BNF-­‐MS	   0.191	   0.168	   0.133	  
BV-­‐VA	   0.209	   0.176	   0.136	  
C-­‐SC	   0.197	   0.174	   0.137	  
Ch-­‐NC	   0.202	   0.173	   0.135	  
Ch-­‐TN	   0.199	   0.170	   0.132	  
Cvill-­‐VA	   0.201	   0.172	   0.133	  
FR-­‐VA	   0.213	   0.180	   0.139	  
G-­‐KY	   0.209	   0.179	   0.140	  
HA-­‐LA	   0.194	   0.171	   0.136	  
HS-­‐AR	   0.195	   0.171	   0.136	  
HS-­‐MS	   0.202	   0.173	   0.136	  
HU-­‐WV	   0.215	   0.178	   0.138	  
K-­‐KY	   0.210	   0.178	   0.139	  
MDC-­‐KS	   0.194	   0.173	   0.137	  
MT-­‐WV	   0.208	   0.178	   0.138	  
MTNF-­‐MO	   0.197	   0.173	   0.137	  
Ric-­‐VA	   0.196	   0.171	   0.133	  
Ro-­‐VA-­‐1	   0.207	   0.177	   0.137	  
Ro-­‐VA-­‐2	   0.208	   0.175	   0.136	  
SA-­‐GA	   0.193	   0.174	   0.138	  
UW-­‐NC	   0.200	   0.172	   0.133	  
Average	   0.201	   0.174	   0.136	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Despite	  the	  effect	  of	  SNP	  filtering	  strategy	  on	  our	  estimates	  of	  He,	  spatial	  patterns	  of	  genetic	  
diversity	  were	  largely	  consistent	  across	  genotype	  datasets.	  Shown	  in	  Figure	  12,	  genetic	  
diversity	  appears	  to	  radiate	  away	  from	  northern	  populations	  close	  to	  the	  Appalachian	  
Mountain	  range,	  with	  lower	  diversity	  populations	  being	  found	  further	  west	  and	  further	  
south.	  Confirming	  this	  observation,	  genetic	  diversity	  was	  significantly	  correlated	  with	  both	  
longitude	  (r2	  =	  0.19,	  p	  =	  0.04;	  Figure	  12d)	  and	  latitude	  (r2	  =	  0.49,	  p	  =	  0.0002)	  when	  all	  
populations	  were	  considered.	  Though	  the	  strength	  of	  this	  association	  varied	  moderately	  
across	  SNP	  datasets,	  its	  statistical	  significance	  did	  not.	  	  
	  
	  
Figure	  12	  Spatial	  Patterns	  of	  Genetic	  Diversity.	  Consistent	  with	  a	  scenario	  of	  range	  expansion	  from	  glacial	  refugia,	  
genetic	  diversity	  was	  significantly	  correlated	  with	  both	  latitude	  and	  longitude	  when	  all	  populations	  were	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considered	  (Panel	  D).	  To	  assess	  the	  sensitivity	  of	  spatial	  patterns	  to	  genotype	  filtering	  criteria,	  patterns	  of	  genetic	  
diversity	  were	  assessed	  separately	  using	  the	  most	  stringently	  filtered	  genotypes	  (Panel	  A),	  the	  moderately	  
stringently	  filtered	  genotypes	  (Panel	  B),	  and	  the	  least	  stringently	  filtered	  genotypes	  (Panel	  C).	  Populations	  shown	  
on	  each	  map	  are	  colored	  by	  He	  relative	  to	  levels	  observed	  in	  other	  populations	  when	  using	  a	  particular	  genotype	  
dataset	  (color	  scale	  shown	  atop	  figure).	  Populations	  that	  were	  consistently	  high	  (red)	  or	  consistently	  low	  (yellow)	  
diversity	  across	  all	  three	  genotype	  datasets	  are	  indicated	  by	  dotted	  circles.	  Star	  icons	  indicate	  the	  population	  with	  
the	  highest	  diversity	  in	  each	  dataset.	  Statistically	  significant	  correlations	  between	  genetic	  diversity,	  longitude,	  and	  
latitude	  were	  observed	  for	  all	  three	  datasets.	  	  
Spatial	  patterns	  in	  the	  Western	  clade	  strongly	  point	  toward	  a	  Westward/Southward	  
expansion	  from	  a	  single	  northern	  refugium	  located	  somewhere	  on	  the	  western	  edge	  of	  the	  
Appalachian	  Mountains.	  Within	  the	  Western	  clade,	  we	  observed	  a	  significant	  association	  
between	  genetic	  diversity	  and	  both	  latitude	  (r2	  =	  0.62,	  p	  =	  0.01;	  Figure	  13c)	  and	  longitude	  
(r2	  =	  0.49,	  p	  =	  0.05).	  As	  can	  be	  clearly	  seen	  in	  Figure	  13a,	  genetic	  diversity	  appears	  to	  
radiate	  away	  from	  the	  Midwestern	  clade	  in	  concentric	  rings	  such	  that	  the	  genetic	  diversity	  
of	  a	  population	  can	  be	  more	  or	  less	  predicted	  by	  its	  distance	  from	  the	  geographic	  center	  of	  
this	  clade.	  Notably,	  this	  pattern	  was	  consistent	  across	  all	  three	  datasets.	  	  
	  
Spatial	  patterns	  of	  genetic	  diversity	  were	  less	  clear	  in	  the	  Eastern	  clade.	  Within	  the	  Eastern	  
clade,	  genetic	  diversity	  was	  significantly	  correlated	  (p	  <	  0.05)	  with	  latitude	  in	  the	  
maximum	  stringency	  SNP	  dataset,	  marginally	  significantly	  correlated	  (p	  <	  0.1)	  with	  latitude	  
in	  the	  minimum	  stringency	  dataset,	  and	  not	  correlated	  at	  all	  with	  latitude	  in	  the	  medium	  
stringency	  dataset	  (p	  =	  0.34).	  We	  found	  no	  relationship	  between	  genetic	  diversity	  and	  
longitude	  in	  any	  SNP	  dataset.	  The	  inconsistency	  of	  these	  results	  in	  the	  Eastern	  clade	  can	  
likely	  be	  attributed	  to	  insufficient	  sampling	  and	  uncertainty	  in	  the	  true	  diversity	  of	  the	  
southernmost	  Eastern	  populations	  (Savannah,	  GA;	  Charleston,	  SC).	  In	  short,	  it’s	  unclear	  
whether	  range	  expansion	  is	  responsible	  for	  contemporary	  patterns	  of	  genetic	  diversity	  in	  
the	  Eastern	  clade.	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Figure	  13	  Spatial	  Patterns	  of	  Genetic	  Diversity	  within	  Eastern	  and	  Western	  Clades.	  Genetic	  diversity	  was	  
significantly	  correlated	  with	  both	  latitude	  and	  longitude	  in	  the	  Western	  clade	  (Panels	  A,	  C).	  Strongly	  supporting	  a	  
scenario	  of	  Westward/Southward	  range	  expansion	  from	  a	  northern	  refugial	  population	  somewhere	  in	  the	  Midwest	  
clade,	  diversity	  appears	  to	  radiate	  in	  concentric	  rings	  away	  from	  this	  region.	  This	  pattern	  was	  consistent	  across	  all	  
SNP	  genotype	  datasets.	  A	  significant	  correlation	  between	  genetic	  diversity	  and	  latitude	  was	  observed	  in	  the	  
Eastern	  clade	  in	  only	  one	  genotype	  dataset	  (maximum	  stringency;	  not	  shown).	  Shown	  are	  the	  results	  from	  the	  
medium	  stringency	  genotypes	  (Panels	  B,	  D).	  Across	  all	  three	  datasets,	  diversity	  was	  consistently	  highest	  in	  the	  Blue	  
Ridge	  populations.	  Though	  the	  maximum	  stringency	  dataset	  supports	  a	  southward	  expansion	  from	  a	  Blue	  Ridge	  
refugium,	  the	  others	  seem	  to	  support	  a	  two	  refugial	  scenario	  in	  which	  the	  Blue	  Ridge	  persisted	  in	  situ	  during	  the	  
Pleistocene	  and	  True	  East	  Virginia	  populations	  (Richmond,	  Charlottesville)	  are	  transplants	  from	  a	  northward	  
expansion	  along	  the	  Eastern	  seaboard	  from	  a	  refugium	  near	  Georgia/South	  Carolina.	  Though	  no	  single	  pattern	  can	  
completely	  describe	  the	  relationship	  between	  genetic	  diversity	  and	  geography	  in	  the	  Eastern	  clade,	  the	  patterns	  
present	  also	  do	  not	  appear	  to	  be	  random.	  	  	  	  	  	  
Though	  we	  cannot	  confidently	  say	  which	  of	  the	  SNP	  datasets	  more	  accurately	  reflects	  the	  
true	  diversity	  of	  these	  two	  populations	  relative	  to	  other	  Eastern	  clade	  populations,	  they	  
point	  toward	  very	  different	  scenarios	  of	  range	  expansion.	  On	  one	  hand,	  if	  the	  true	  diversity	  
of	  the	  GA/SC	  populations	  were	  as	  low	  as	  the	  values	  we	  observed	  in	  the	  maximum	  or	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minimum	  stringency	  dataset,	  there	  would	  be	  moderately	  strong	  support	  for	  a	  southward	  
expansion	  from	  the	  Blue	  Ridge	  mountains	  in	  the	  Eastern	  clade.	  On	  the	  other	  hand,	  this	  
wouldn’t	  explain	  the	  conflicting	  diversity	  patterns	  in	  Virginia.	  Though	  Virginia	  populations	  
from	  the	  Blue	  Ridge	  clade	  exhibit	  the	  highest	  levels	  of	  diversity,	  True	  East	  populations	  from	  
Virginia	  (Richmond,	  Charlottesville)	  exhibit	  considerably	  lower	  levels	  of	  diversity.	  
Interestingly,	  we	  observed	  a	  significant	  correlation	  with	  latitude	  in	  the	  True	  East	  clade	  
when	  He	  was	  determined	  using	  moderately	  filtered	  genotypes.	  Thus	  one	  alternative	  
explanation	  might	  be	  that	  the	  Blue	  Ridge	  clade	  persisted	  in	  situ	  throughout	  the	  Pleistocene	  
and	  True	  East	  Virginia	  populations	  (Richmond,	  Charlottesville)	  are	  transplants	  from	  a	  
northward	  expansion	  along	  the	  Eastern	  seaboard	  from	  a	  refugium	  near	  Georgia/South	  
Carolina.	  Unfortunately,	  due	  to	  our	  limited	  sample	  size	  and	  our	  uncertainty	  of	  the	  true	  
diversity	  patterns	  among	  the	  current	  samples,	  we	  cannot	  draw	  conclusions	  regarding	  the	  
likelihood	  of	  either	  scenario.	  Ultimately,	  though	  no	  single	  pattern	  can	  completely	  describe	  
the	  relationship	  between	  genetic	  diversity	  and	  geography	  in	  the	  Eastern	  clade,	  the	  patterns	  
present	  also	  do	  not	  appear	  to	  be	  random.	  	  	  	  	  	  
	  
Finally,	  to	  explore	  the	  possibility	  that	  these	  patterns	  might	  be	  an	  artifact	  of	  missing	  
genotype	  data	  in	  each	  population,	  we	  tested	  for	  a	  significant	  correlation	  between	  
heterozygosity	  and	  the	  level	  of	  missing	  data.	  As	  shown	  in	  Figure	  14,	  heterozygosity	  was	  not	  
significantly	  correlated	  with	  the	  amount	  of	  missing	  data	  for	  any	  SNP	  dataset.	  As	  a	  result,	  
there	  is	  no	  evidence	  to	  suggest	  that	  the	  spatial	  patterns	  of	  diversity	  we	  observed	  have	  been	  
influenced	  by	  anything	  other	  than	  the	  SNP	  calling/filtering	  strategies	  we	  used.	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Figure	  14	  Relationships	  between	  Heterozygosity	  and	  Amount	  of	  Missing	  Genotypes.	  Tests	  for	  correlations	  (α	  =	  
0.05)	  (between	  He	  and	  the	  percent	  of	  missing	  genotypes	  in	  each	  population	  were	  performed	  to	  explore	  the	  
possibility	  that	  missing	  data	  patterns	  may	  have	  biased	  our	  diversity	  estimates.	  Though	  we	  observed	  some	  degree	  
of	  association,	  correlations	  were	  not	  statistically	  significant	  for	  any	  genotype	  dataset.	  As	  a	  result,	  we	  have	  no	  
evidence	  to	  believe	  the	  spatial	  patterns	  we	  observed	  are	  an	  artifact	  of	  non-­‐random	  missing	  data	  patterns.	  	  	  
	  
2.4.6 Phylogenetic	  Reconstruction	  
Under	  a	  scenario	  of	  refugial	  isolation	  and	  expansion,	  we	  would	  expect	  to	  see	  moderately	  
high	  support	  for	  the	  monophyly	  of	  regional	  populations	  that	  had	  descended	  from	  separate	  
ancestral	  populations	  (i.e.	  refugia).	  To	  test	  this	  expectation	  and	  explore	  the	  evolutionary	  
relationships	  among	  clades,	  we	  inferred	  species	  trees	  from	  SNP	  data	  using	  SNAPP103.	  
Consistent	  with	  a	  scenario	  of	  descent	  from	  separate	  refugia,	  population	  trees	  yielded	  
universally	  strong	  support	  for	  reciprocal	  monophyly	  between	  populations	  from	  the	  
Eastern	  and	  Western	  clades.	  	  
	  
Population	  trees	  were	  initially	  determined	  by	  considering	  each	  of	  the	  four	  nested	  clades	  
(True	  West,	  Midwest,	  Blue	  Ridge,	  True	  East)	  as	  separate	  “species”;	  representatives	  from	  
each	  clade	  were	  chosen	  at	  random.	  As	  shown	  in	  Figure	  15b,	  even	  when	  the	  individuals	  and	  
SNPs	  were	  randomly	  re-­‐selected	  across	  independent	  runs,	  we	  found	  almost	  perfect	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support	  (posterior	  probability	  ~	  1	  for	  the	  monophyly	  of	  Eastern/Western	  clades)	  for	  a	  
scenario	  in	  which	  populations	  from	  the	  two	  western	  clades	  shared	  a	  more	  recent	  common	  
ancestor	  with	  each	  other	  than	  they	  did	  with	  populations	  from	  either	  of	  the	  Eastern	  clades.	  	  
	  
Additional	  reconstructions	  were	  performed	  to	  rule	  out	  the	  possibility	  that	  the	  previous	  
results	  were	  an	  artifact	  of	  lumping	  together	  distinct	  populations	  as	  a	  single	  species.	  This	  
time,	  we	  considered	  each	  individual	  population	  a	  separate	  species.	  As	  shown	  in	  Figure	  15a,	  
all	  four	  independent	  phylogenies	  reconstructed	  in	  this	  way	  were	  universally	  consistent	  
with	  a	  scenario	  in	  which	  the	  Eastern	  and	  Western	  clades	  descended	  from	  separate	  
ancestors.	  Though	  it	  is	  unclear	  from	  our	  results	  whether	  Eastern	  and	  Central	  populations	  
descended	  from	  separate	  ancestors,	  members	  of	  East	  and	  West	  clades	  are	  placed	  in	  
separate	  clades	  with	  high	  support	  (posterior	  probability	  (pp)	  of	  Eastern	  clade	  monophyly	  =	  
0.72;	  Western	  clade	  =	  0.91).	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Figure	  15	  Results	  of	  Species	  Tree	  Reconstructions.	  Species	  trees	  were	  inferred	  from	  SNP	  data	  using	  SNAPP	  to	  
determine	  whether	  Eastern	  and	  Western	  clades	  were	  monophyletic,	  as	  we	  would	  expect	  under	  a	  scenario	  of	  
expansion	  from	  separate	  refugia.	  As	  opposed	  to	  traditional	  phylogenetic	  reconstruction	  methods	  that	  infer	  
evolutionary	  relationships	  among	  individuals,	  SNAPP	  infers	  evolutionary	  relationships	  among	  “species”	  by	  
considering	  a	  sampling	  of	  individuals	  from	  each	  “species”	  in	  order	  to	  account	  for	  incomplete	  lineage	  sorting	  
between	  recently	  diverged	  populations.	  The	  95%	  maximum	  clade	  credibility	  species	  trees	  are	  shown	  are	  atop	  the	  
output	  from	  DensiTree,	  which	  shows	  the	  trees	  sampled	  during	  MCMC,	  as	  a	  visual	  representation	  of	  the	  variability	  
observed	  in	  tree	  structure	  during	  MCMC	  sampling.	  Shown	  in	  panel	  (B),	  we	  first	  inferred	  the	  evolutionary	  
relationship	  between	  clades	  nested	  within	  the	  Eastern	  and	  Western	  clades	  by	  considering	  randomly	  sampled	  
individuals	  from	  each	  as	  a	  separate	  “species.”	  Indicated	  by	  the	  cyan	  and	  red	  dots,	  the	  reciprocal	  monophyly	  of	  
Eastern/Western	  clades	  was	  supported	  with	  100%	  posterior	  probability.	  To	  determine	  whether	  this	  might	  have	  
been	  an	  artifact	  of	  lumping	  together	  populations	  that	  weren’t	  actually	  monophyletic,	  subsequent	  species	  trees	  
were	  inferred	  by	  considering	  each	  populations	  as	  a	  separate	  “species.”	  Again,	  we	  found	  strong	  support	  (pp	  >	  90%)	  
for	  reciprocal	  monophyly	  between	  Eastern	  and	  Western	  clades.	  	  	  	  	  
Further,	  we	  found	  universal	  support	  for	  East/West	  reciprocal	  monophyly	  among	  smaller	  
phylogenies	  reconstructed	  from	  smaller	  subsets	  of	  the	  full	  tree	  (not	  shown).	  Though	  the	  
estimated	  samples	  sizes	  (ESS)	  of	  relevant	  parameters	  and	  Tracer	  plots	  indicated	  
convergence	  for	  all	  of	  the	  reconstructions	  performed	  above,	  we	  performed	  a	  number	  of	  
finer-­‐scale	  reconstructions	  to	  eliminate	  the	  possibility	  that	  a	  more	  optimal	  tree	  might	  have	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been	  found	  had	  we	  allowed	  larger	  reconstructions	  more	  time	  to	  traverse	  their	  immense	  
search	  spaces.	  For	  finer-­‐scale	  reconstructions,	  we	  inferred	  the	  phylogenetic	  relationships	  
between	  randomly	  selected	  populations	  from	  Eastern	  and	  Western	  clades	  (3	  populations	  
each)	  to	  assess	  the	  stability	  of	  the	  reciprocal	  monophyly	  we	  observed	  in	  previous	  
reconstructions.	  Though	  a	  number	  of	  permutations	  were	  considered,	  we	  found	  no	  evidence	  
among	  these	  finer-­‐scale	  phylogenies	  that	  Eastern	  and	  Western	  clades	  were	  not	  reciprocally	  
monophyletic.	  	  
	  
2.4.7 Demographic	  Inference	  
ABC	  methods	  were	  used	  to	  compare	  a	  total	  of	  10	  competing	  evolutionary	  scenarios	  
designed	  to	  address	  the	  following	  questions:	  (i)	  How	  many	  refugia	  are	  needed	  to	  explain	  
population	  structure?	  (ii)	  Are	  the	  origins	  of	  the	  Central/Blue	  Ridge/Midwestern	  clades	  
better	  explained	  by	  secondary	  contact	  or	  continued	  existence	  and	  divergence	  as	  a	  result	  of	  
geographic	  isolation?	  (iii)	  When	  did	  the	  five	  nested	  clades	  begin	  to	  diverge?	  Graphical	  
representations	  of	  the	  evolutionary	  scenarios	  we	  compared	  are	  shown	  in	  Figure	  16.	  
	  
To	  determine	  the	  optimal	  number	  of	  refugia	  needed	  to	  explain	  population	  structure,	  we	  
tested	  scenarios	  that	  differed	  in	  the	  assumed	  number	  of	  refugial	  populations	  from	  which	  
present-­‐day	  clades	  descended.	  The	  number	  of	  refugial	  populations	  varied	  from	  two	  to	  five:	  
Scenarios	  1-­‐4	  assumed	  two	  refugia,	  Scenarios	  5-­‐7	  assumed	  three	  refugia,	  scenarios	  8-­‐9	  
assumed	  four	  refugia,	  and	  scenario	  10	  assumed	  each	  clade	  descended	  from	  a	  separate	  
refugium	  (i.e.	  star	  tree).	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To	  test	  whether	  the	  origins	  of	  the	  Central/Blue	  Ridge/Midwest	  clade	  are	  better	  explained	  
by	  secondary	  contact	  or	  IBD,	  we	  included	  a	  number	  of	  scenarios	  assuming	  one	  or	  the	  other.	  
Scenarios	  1,	  5,	  7,	  and	  10	  assumed	  population	  differentiation	  between	  each	  of	  the	  five	  
nested	  clades	  was	  the	  result	  of	  geographic	  isolation.	  By	  contrast,	  scenarios	  2,	  3,	  4,	  6,	  8,	  and	  
9	  assumed	  that	  at	  least	  one	  of	  the	  five	  nested	  clades	  arose	  from	  a	  secondary	  contact	  event	  
between	  two	  others.	  Among	  the	  scenarios	  assuming	  admixture,	  only	  scenario	  6	  assumed	  
that	  the	  Central	  clade	  did	  not	  arise	  from	  secondary	  contact	  between	  divergent	  East/West	  
ancestral	  populations.	  Scenarios	  3,	  4,	  and	  6	  assumed	  Blue	  Ridge/Midwest	  clades	  arose	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Figure	  16	  Hypothetical	  Demographic	  Scenarios	  Tested	  Using	  ABC.	  Ten	  demographic	  scenarios	  were	  tested	  using	  
ABC	  to	  determine	  the	  most	  likely	  demographic	  history	  explaining	  present-­‐day	  genetic	  structure.	  Scenarios	  were	  
designed	  to	  test	  whether	  a	  two	  refugial	  scenario	  with	  secondary	  contact	  was	  the	  best	  explanation	  for	  present-­‐day	  
phylogeographic	  patterns.	  Scenarios	  1-­‐4	  test	  hypothetical	  demographic	  histories	  involving	  two	  refugia.	  Scenarios	  
5-­‐7	  test	  hypothetical	  demographic	  histories	  involving	  three	  refugia.	  Scenarios	  8	  and	  9	  test	  hypothetical	  
demographic	  scenarios	  involving	  four	  separate	  refugia.	  Scenario	  10	  tests	  the	  hypothetical	  demographic	  scenario	  in	  
which	  all	  present-­‐day	  populations	  descended	  from	  five	  separate	  refugia	  isolated	  simultaneously	  (star-­‐tree).	  
Scenarios	  also	  varied	  in	  whether	  the	  Central/Blue	  Ridge/Midwest	  clades	  arose	  from	  secondary	  contact	  or	  
geographic	  isolation.	  Scenarios	  2,	  3,	  4,	  8,	  and	  9	  assumed	  the	  Central	  clade	  arose	  from	  secondary	  contact.	  Scenarios	  
3,	  4,	  and	  6	  assumed	  the	  Blue	  Ridge/Midwest	  clades	  arose	  from	  secondary	  contact.	  	  
ABC	  results	  strongly	  indicate	  that	  present-­‐day	  clades	  descended	  from	  two	  refugial	  
populations.	  Though	  the	  results	  were	  mixed	  with	  regards	  to	  the	  origins	  of	  the	  Central/Blue	  
Ridge/Midwest	  clades,	  we	  found	  moderately	  strong	  support	  that	  the	  Central	  clade	  arose	  
from	  secondary	  contact/admixture	  between	  divergent	  East/West	  populations.	  Underlying	  
this	  uncertainty,	  the	  posterior	  probabilities	  computed	  for	  each	  scenario	  differed	  markedly	  
depending	  on	  the	  method	  (logistic	  vs.	  direct)	  used	  to	  determine	  the	  posterior	  probability	  of	  
each	  scenario.	  Both	  sets	  of	  posterior	  probabilities	  are	  given	  in	  Table	  5.	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Table	  5	  Posterior	  Probabilities	  Of	  Demographic	  Scenarios.	  	  
Scenario	   PP	  (Direct)	   PP	  (Logistic)	  
1	   0	   0.31	  
2	   0.04	   0.48	  
3	   0.87	   0.07	  
4	   0	   0	  
5	   0.091	   0	  
6	   0	   0	  
7	   0.002	   0	  
8	   0	   0	  
9	   0	   0	  
10	   0	   0.136	  
	  
When	  the	  logistic	  method	  was	  used	  to	  determine	  the	  most	  likely	  scenario,	  we	  found	  
overwhelming	  support	  for	  scenario	  3	  (pp	  =	  0.87).	  Using	  the	  direct	  method,	  Scenario	  2	  had	  
the	  highest	  support	  (pp	  =	  0.48),	  though	  scenario	  1	  was	  also	  moderately	  well	  supported	  (pp	  
=	  0.31).	  Notably,	  scenarios	  2	  and	  3	  were	  the	  only	  scenarios	  to	  receive	  support	  under	  both	  
methods.	  	  
	  
Despite	  this	  uncertainty,	  the	  demographic	  attributes	  shared	  among	  these	  scenarios	  yield	  
key	  insights.	  For	  example,	  all	  three	  scenarios	  assume	  the	  Eastern	  and	  Western	  clades	  
descend	  from	  two	  separate	  ancestral	  populations.	  Though	  scenario	  1	  assumes	  geographic	  
isolation	  is	  responsible	  for	  the	  differentiation	  of	  the	  Central	  clade,	  the	  two	  most	  likely	  
scenarios	  identified	  by	  each	  method	  support	  a	  scenario	  in	  which	  the	  Central	  clade	  arose	  
from	  secondary	  contact	  between	  divergent	  East/West	  clades.	  The	  origin	  of	  the	  Blue	  
Ridge/Midwest	  clades	  is	  particularly	  unclear	  from	  these	  results.	  Under	  scenario	  3,	  these	  
clades	  arose	  from	  separate	  back-­‐admixture	  events	  (tertiary	  contact)	  between	  the	  Central	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clade	  and	  East/West	  clades.	  Under	  scenario	  3,	  geographic	  isolation	  is	  assumed	  to	  explain	  
the	  differentiation	  of	  nested	  clades	  within	  the	  larger	  East/West	  clades.	  
	  
Perhaps	  most	  notably,	  all	  three	  scenarios	  place	  the	  time	  of	  the	  divergence	  between	  clades	  
around	  the	  time	  of	  the	  Last	  Glacial	  Maximum	  (LGM;	  ~18	  KYA).	  Shown	  in	  Figure	  17,	  
scenario	  3	  estimated	  that	  nested	  clades	  began	  to	  diverge	  approximately	  8,500	  generations	  
ago	  (95%	  CI:	  6,000	  –	  11,000)	  while	  scenario	  2	  estimated	  the	  divergence	  began	  around	  
23,000	  generations	  ago	  (95%	  CI:	  20,000	  –	  26,000).	  	  	  	  
	  
	  
	   73	  
	  
Figure	  17	  Estimated	  Divergence	  Times	  of	  Most	  Likely	  Demographic	  Scenarios.	  The	  results	  of	  ABC	  indicated	  that	  
scenario	  2	  (direct	  method;	  pp	  =	  0.48)	  and	  scenario	  3	  (logistic	  method;	  pp	  =	  0.87)	  were	  the	  best	  explanations	  for	  
present-­‐day	  phylogeographic	  patterns.	  Though	  both	  assume	  present	  day	  populations	  descended	  from	  two	  
separate	  refugial	  ancestral	  populations	  and	  that	  the	  Central	  clade	  resulted	  from	  secondary	  contact,	  they	  differ	  on	  
whether	  the	  Blue	  Ridge/Midwest	  clades	  arose	  from	  secondary	  contact	  or	  geographic	  isolation.	  Providing	  strong	  
evidence	  for	  the	  role	  of	  Pleistocene	  glaciation	  in	  this	  process,	  both	  scenarios	  place	  the	  initial	  divergence	  between	  
ancestral	  East/West	  populations	  around	  the	  LGM.	  When	  a	  generation	  time	  of	  1	  year	  is	  assumed	  from	  O.	  disjunctus,	  
scenario	  2	  places	  the	  divergence	  around	  23,000	  years	  ago.	  When	  a	  generation	  time	  of	  1.5	  years	  is	  assumed,	  
scenario	  2	  still	  places	  the	  divergence	  within	  the	  period	  of	  significantly	  decreased	  global	  temperatures	  (~35,	  000	  
years	  ago)	  and	  scenario	  3	  dates	  the	  divergence	  shortly	  after	  the	  LGM	  (12,000	  years	  ago).	  	  	  	  
Though	  the	  precise	  generation	  time	  of	  O.	  disjunctus	  is	  unknown,	  they	  typically	  live	  
anywhere	  1-­‐2	  years47.	  Assuming	  a	  generation	  time	  of	  1	  year,	  scenario	  2	  places	  the	  
divergence	  of	  present-­‐day	  populations	  somewhere	  in	  the	  window	  of	  20,000	  YBP	  (years	  
before	  present)	  to	  26,000	  YBP,	  almost	  exactly	  corresponding	  to	  the	  LGM.	  Assuming	  a	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generation	  time	  of	  1.5	  years,	  scenario	  3	  places	  the	  divergence	  of	  present-­‐day	  populations	  
somewhere	  in	  the	  window	  of	  12,000	  YBP	  to	  16,000	  YBP,	  just	  post-­‐dating	  the	  LGM.	  
Collectively,	  these	  results	  provide	  moderately	  strong	  evidence	  that	  present-­‐day	  population	  
structure	  in	  O.	  disjunctus	  is	  explained	  by	  the	  isolation	  of	  ancestral	  East/West	  populations	  
sometime	  around	  the	  LGM	  and	  that	  the	  Central	  clade	  arose	  from	  subsequent	  secondary	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2.5 Discussion	  
Climate	  shifts	  during	  Pleistocene	  glaciation	  have	  profoundly	  influenced	  the	  recent	  
evolution	  of	  species	  endemic	  to	  the	  eastern	  US.	  Though	  this	  has	  been	  previously	  
demonstrated	  in	  a	  number	  of	  the	  region’s	  plant	  and	  animal	  species,	  we	  know	  relatively	  
little	  about	  the	  impact	  of	  these	  events	  on	  the	  recent	  evolutionary	  history	  of	  the	  insect	  
species	  in	  the	  region.	  By	  identifying	  single	  nucleotide	  polymorphisms	  (SNPs)	  in	  reduced	  
representations	  (ddRADseq)	  of	  genomes	  from	  188	  O.	  disjunctus	  specimens	  from	  23	  
populations	  across	  the	  species’	  natural	  range,	  our	  study	  employed	  an	  integrative	  approach	  
drawing	  on	  multiple	  lines	  of	  evidence	  to	  infer	  both	  present-­‐day	  population	  structure	  in	  O.	  
disjunctus	  and	  the	  demographic	  processes	  that	  best	  explain	  these	  patterns.	  	  
	  
2.5.1 Evidence	  of	  Refugia,	  Isolation,	  or	  Both?	  	  
The	  dominant	  phylogeographic	  patterns	  in	  O.	  disjunctus	  appear	  to	  be	  largely	  consistent	  
with	  refugial	  isolation	  and	  rapid	  range	  expansion	  in	  the	  wake	  of	  Pleistocene	  glaciation.	  
Consistent	  with	  this	  scenario,	  patterns	  of	  population	  structure	  determined	  by	  PCA	  and	  
STRUCTURE	  revealed	  a	  discrete	  break	  in	  population	  structure	  between	  geographically	  
expansive	  regional	  populations	  along	  the	  Appalachian-­‐Apalachicola	  divide.	  Because	  
discrete	  breaks	  along	  these	  geographic	  features	  have	  been	  largely	  attributed	  to	  refugial	  
isolation	  and	  rapid	  range	  expansion	  in	  a	  wide	  range	  of	  species63,69,	  it	  is	  likely	  these	  same	  
processes	  explain	  congruent	  patterns	  in	  O.	  disjunctus.	  Phylogenetic	  analyses	  further	  
support	  this	  claim.	  Consistent	  with	  a	  scenario	  in	  which	  the	  East	  and	  West	  clades	  are	  the	  
descendants	  of	  distinct	  ancestral	  populations	  isolated	  during	  glaciation,	  we	  found	  universal	  
support	  for	  the	  monophyly	  between	  the	  Eastern	  and	  Western	  clades.	  Also	  consistent	  with	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refugial	  isolation	  and	  range	  expansion,	  we	  observed	  distinct	  spatial	  gradients	  of	  genetic	  
diversity	  in	  the	  Western	  clade	  as	  we	  would	  expect	  under	  a	  Westward/Southward	  
expansion	  from	  a	  refugial	  population	  located	  somewhere	  in	  the	  Midwest	  clade.	  Though	  
ABC	  methods	  produced	  mixed	  results,	  they	  provide	  the	  most	  explicit	  link	  between	  O.	  
disjunctus	  phylogeography	  and	  Pleistocene	  glaciation.	  The	  support	  we	  observed	  for	  
secondary	  contact	  in	  the	  Central	  clade	  is	  strengthened	  by	  and	  consistent	  with	  previous	  
studies	  that	  identified	  the	  Apalachicola	  River	  basin	  as	  a	  common	  zone	  of	  secondary	  contact	  
between	  populations	  isolated	  during	  the	  Pleistocene69,79.	  Perhaps	  the	  most	  convincing	  
evidence	  implicating	  Pleistocene	  glaciation,	  ABC	  methods	  consistently	  placed	  the	  
divergence	  between	  the	  Eastern	  and	  Western	  clades	  around	  the	  time	  of	  the	  LGM	  (~20	  kya).	  
Together,	  these	  results	  strongly	  suggest	  present	  day	  O.	  disjunctus	  populations	  are	  the	  
descendants	  of	  two	  genetically	  distinct	  refugial	  populations	  that	  survived	  Pleistocene	  
glaciation	  on	  either	  side	  of	  the	  Appalachian-­‐Apalachicola	  divide.	  	  	  
	  
The	  processes	  responsible	  for	  the	  nested	  population	  structure	  we	  observed	  within	  the	  
Eastern	  and	  Western	  clades	  are	  less	  clear.	  The	  results	  from	  STRUCTURE	  and	  ABC	  methods	  
can	  both	  be	  interpreted	  to	  support	  two	  different	  scenarios.	  Under	  one	  scenario,	  
Midwest/Blue	  Ridge	  clades	  arose	  from	  separate	  admixture	  events	  between	  Central	  
populations	  and	  True	  East/True	  West	  populations.	  As	  a	  result,	  the	  high	  levels	  of	  diversity	  
in	  these	  clades	  may	  be	  a	  result	  of	  admixture	  as	  opposed	  to	  proximity	  to	  glacial	  refugia.	  This	  
might	  suggest	  that	  the	  actual	  East/West	  refugia	  might	  have	  been	  located	  somewhere	  in	  the	  
present-­‐day	  True	  East/True	  West	  regions.	  Under	  a	  second	  scenario,	  present-­‐day	  
Midwest/Blue	  Ridge	  clades	  are	  located	  near	  Pleistocene	  refugia	  and	  became	  differentiated	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from	  True	  East/True	  West	  clades	  either	  as	  a	  result	  of	  more	  contemporary	  reciprocal	  gene	  
flow	  across	  the	  discontinuity	  or	  the	  loss	  of	  ancestral	  alleles	  in	  True	  East/True	  West	  
populations	  as	  a	  result	  of	  range	  expansion	  that	  are	  still	  present	  in	  Midwest/Blue	  Ridge	  
populations.	  	  
	  
Taken	  together,	  our	  results	  are	  more	  consistent	  with	  the	  second	  scenario.	  Patterns	  of	  
genetic	  diversity	  provide	  one	  line	  of	  evidence.	  Though	  admixture	  events	  can	  result	  in	  
increased	  levels	  of	  genetic	  diversity,	  admixed	  populations	  in	  the	  Central	  clade	  exhibit	  some	  
of	  the	  lowest	  levels	  of	  genetic	  diversity	  among	  populations.	  In	  light	  of	  this,	  admixture	  does	  
not	  appear	  to	  be	  able	  to	  explain	  the	  high	  levels	  of	  genetic	  diversity	  observed	  in	  Blue	  
Ridge/Midwest	  clades.	  Results	  from	  PCA	  and	  STRUCTURE	  provide	  additional	  support	  for	  
the	  second	  scenario.	  The	  separation	  of	  Blue	  Ridge/Midwest	  populations	  from	  True	  
East/True	  west	  populations	  along	  the	  second	  principal	  component	  indicates	  the	  alleles	  
driving	  this	  separation	  are	  not	  the	  same	  alleles	  driving	  separation	  along	  the	  first	  axis.	  If	  the	  
Blue	  Ridge/Midwest	  clades	  arose	  from	  back	  admixture	  events	  with	  the	  admixed	  Central	  
clade,	  the	  alleles	  driving	  Blue	  Ridge/Midwest	  separation	  would	  be	  the	  same	  alleles	  driving	  
East/West	  separation	  and	  thus	  we	  should	  have	  seen	  all	  of	  the	  separation	  along	  the	  first	  
axis.	  PCA	  loading	  values	  directly	  support	  this	  claim—none	  of	  the	  top	  1000	  SNPs	  driving	  
separation	  along	  PC1were	  among	  the	  top	  1000	  SNPs	  driving	  separation	  along	  PC2.	  Further,	  
only	  426	  SNPs	  were	  shared	  among	  the	  top	  10,000	  SNPs	  driving	  separation	  along	  either	  
axis.	  Similarly,	  if	  Blue	  Ridge/Midwest	  differentiation	  truly	  were	  a	  result	  of	  back	  admixture,	  
we	  would	  have	  expected	  STRUCTURE	  to	  assign	  some	  portion	  of	  their	  ancestry	  to	  the	  non-­‐
ancestral	  cluster	  when	  two	  sources	  of	  origin	  were	  considered.	  As	  a	  result,	  it	  seems	  likely	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the	  ancestral	  refugia	  from	  which	  Eastern/Western	  clades	  descend	  were	  located	  
somewhere	  near	  the	  Blue	  Ridge/Midwest	  clades.	  By	  extension,	  the	  most	  likely	  explanation	  
for	  nested	  population	  structure	  is	  more	  contemporary	  reciprocal	  gene	  flow	  across	  the	  
discontinuity	  or	  the	  loss	  of	  ancestral	  alleles	  in	  True	  East/True	  West	  populations	  as	  a	  result	  
of	  range	  expansion.	  	  	  
	  
Because	  geographic	  isolation	  appears	  to	  explain	  nested	  structure,	  we	  submit	  that	  the	  
present-­‐day	  phylogeographic	  patterns	  of	  O.	  disjunctus	  are	  best	  explained	  by	  the	  combined	  
effects	  of	  temporally	  layered	  processes,	  with	  larger	  clades	  being	  explained	  by	  historical	  
isolation	  and	  range	  expansion	  and	  nested	  clades	  being	  explained	  by	  more	  contemporary	  
connectivity.	  Though	  isolation	  by	  distance	  cannot	  explain	  the	  major	  disjunction	  between	  
clades,	  it	  can	  explain	  the	  shared	  variation	  among	  Central/Blue	  Ridge/Midwestern	  clades	  
that	  appears	  to	  be	  driving	  the	  separation	  within	  the	  each	  of	  the	  major	  clades.	  This	  
interpretation	  is	  supported	  both	  by	  the	  extremely	  limited	  dispersal	  capabilities	  of	  O.	  
disjunctus	  and	  the	  detection	  of	  isolation	  by	  distance	  within	  all	  levels	  of	  population	  
structure.	  	  
	  
2.5.2 Evidence	  for	  Northern	  Refugia	  
Particularly	  in	  the	  Western	  clade,	  geographic	  patterns	  of	  diversity	  in	  O.	  disjunctus	  strongly	  
suggest	  the	  species	  survived	  Pleistocene	  glaciation	  in	  more	  northern	  refugia	  located	  close	  
to	  the	  glacial	  margin	  and	  migrated	  south	  in	  the	  wake	  of	  the	  Pleistocene.	  Though	  the	  vast	  
majority	  of	  phylogeographic	  patterns	  among	  eastern	  US	  species	  reflect	  northern	  
expansions	  from	  southern	  refugia,	  a	  growing	  body	  of	  evidence	  suggests	  many	  species	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survived	  Pleistocene	  glaciation	  closer	  to	  the	  glacial	  margin58,109,110.	  Though	  late	  glacial	  tree	  
distributions	  are	  difficult	  to	  infer,	  signatures	  of	  northern	  refugia	  among	  hardwood-­‐
associated	  species,	  as	  was	  demonstrated	  in	  Northern	  short-­‐tailed	  shrews	  by	  Brant	  &	  Ortí	  
(2003),	  provide	  strong	  evidence	  that	  fragmented	  patches	  of	  hardwood	  forests	  persisted	  
close	  to	  the	  Laurentide	  ice	  sheet	  around	  the	  time	  of	  the	  LGM.	  Interestingly,	  the	  
phylogeographic	  patterns	  of	  O.	  disjunctus	  are	  similar	  to	  those	  found	  in	  co-­‐occuring	  taxa.	  
Both	  eastern	  tiger	  salamanders	  58	  and	  millipedes	  from	  the	  genus	  Narcus74	  appear	  to	  have	  
survived	  Pleistocene	  glaciation	  in	  the	  Blue	  Ridge	  Mountains.	  Though	  the	  finding	  that	  O.	  
disjunctus	  survived	  Pleistocene	  glaciation	  is	  noteworthy	  on	  its	  own,	  this	  finding	  is	  
particularly	  interesting	  considering	  the	  dietary	  affinity	  of	  O.	  disjunctus	  for	  certain	  
deciduous	  tree	  species.	  Though	  the	  influence	  of	  Pleistocene	  glaciation	  on	  Quercus	  spp.	  is	  
largely	  unknown,	  our	  findings	  provide	  strong	  evidence	  for	  their	  persistence	  at	  the	  glacial	  
margin	  at	  the	  time	  of	  the	  LGM.	  	  	  	  
	  
2.5.3 Evidence	  for	  Southern	  Refugium?	  	  
Though	  we	  cannot	  make	  definitive	  conclusions	  either	  way,	  our	  results	  provide	  some	  
evidence	  that	  Eastern	  clades	  individuals	  may	  actually	  have	  descended	  from	  two	  separate	  
refugia.	  More	  generally,	  this	  uncertainty	  highlights	  inadequate	  sampling	  density	  as	  the	  
major	  shortcoming	  of	  our	  study.	  Though	  expansion	  from	  a	  single	  Blue	  Ridge	  refugium	  
explains	  the	  higher	  levels	  of	  diversity	  among	  Blue	  Ridge	  populations,	  it	  fails	  to	  explain	  the	  
low	  levels	  of	  diversity	  among	  True	  East	  populations	  (Charlottesville,	  Richmond)	  in	  Virginia.	  
Upon	  closer	  inspection,	  our	  data	  appear	  to	  be	  more	  consistent	  with	  a	  scenario	  in	  which	  the	  
Blue	  Ridge	  clade	  has	  remained	  in	  situ	  throughout	  the	  Pleistocene,	  and	  that	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Richmond/Charlottesville	  populations	  are	  transplants	  of	  a	  northward	  expansion	  from	  a	  
southern	  refugium	  located	  somewhere	  in	  the	  coastal	  plains	  of	  South	  Carolina/Georgia.	  
Further	  evidence	  for	  this	  scenario	  again	  comes	  from	  eastern	  tiger	  salamanders58	  and	  
millipedes	  from	  the	  genus	  Narcus74,	  in	  which	  populations	  east	  of	  the	  Appalachian	  
Mountains	  are	  derived	  from	  ancestral	  populations	  in	  the	  Blue	  Ridge	  Mountains	  and	  the	  
coastal	  plains	  of	  Georgia.	  Though	  we	  cannot	  strongly	  conclude	  either	  way,	  it’s	  entirely	  
possible	  O.	  disjunctus	  populations	  in	  the	  Eastern	  clade	  descended	  from	  separate	  ancestral	  
populations	  in	  the	  Blue	  Ridge	  Mountains	  and	  the	  Atlantic	  coastal	  plains.	  	  
	  
2.6 Conclusions	  
Contemporary	  patterns	  of	  phylogeography	  in	  O.	  disjunctus	  strongly	  implicate	  climate	  
changes	  and	  glacial	  incursions	  during	  the	  Pleistocene	  as	  the	  dominant	  drivers	  of	  recent	  
evolution	  within	  the	  species.	  Beyond	  O.	  disjunctus,	  the	  results	  of	  our	  study	  augment	  the	  
comparatively	  small	  corpus	  of	  knowledge	  on	  how	  past	  climate	  change	  events	  have	  
influenced	  the	  demographic	  history	  and	  present-­‐day	  patterns	  of	  genetic	  diversity	  among	  
insect	  species	  endemic	  to	  the	  eastern	  U.S.	  Understanding	  how	  ecologically	  critical	  insect	  
species	  have	  responded	  to	  historical	  climate	  changes	  and	  habitat	  fragmentation	  may	  
ultimately	  help	  predict	  how	  they	  might	  respond	  to	  future	  climate	  changes	  and	  habitat	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3 The	  Long	  And	  Winding	  Road:	  Disentangling	  the	  Influences	  of	  Host	  Evolutionary	  History	  
on	  the	  Gut	  Microbiome	  of	  O.	  disjunctus	  	  
3.1 Abstract	  
	  
The	  microbiome	  has	  both	  profoundly	  influenced	  and	  been	  profoundly	  influenced	  by	  host	  
evolution.	  Despite	  this	  realization,	  the	  majority	  of	  studies	  focus	  on	  how	  the	  present-­‐day	  
microbiome	  is	  shaped	  by	  present-­‐day	  factors.	  A	  better	  understanding	  of	  the	  evolutionary	  
processes	  shaping	  the	  microbiome	  over	  all	  timescales	  may	  help	  us	  better	  interpret	  
contemporary	  patterns	  of	  community	  structure.	  Here,	  we	  explore	  whether	  recent	  (within	  
last	  ~20,000	  years)	  neutral	  evolution	  in	  Odontotaenius	  disjunctus,	  a	  xylophagous	  beetle	  
found	  throughout	  eastern	  North	  America,	  has	  influenced	  its	  potentially	  symbiotic	  gut	  
microbiome.	  Utilizing	  next	  generation	  sequencing	  of	  16s	  rRNA	  amplified	  from	  three	  
distinct	  gut	  segments,	  we	  characterized	  the	  gut	  bacterial	  communities	  of	  O.	  disjunctus	  
across	  the	  natural	  range	  of	  the	  host.	  Consistent	  with	  a	  scenario	  of	  co-­‐differentiation	  
resulting	  from	  long-­‐term	  vertical	  transmission,	  we	  show	  that	  the	  O.	  disjunctus	  gut	  is	  
dominated	  by	  bacteria	  detected	  in	  nearly	  every	  individual	  and	  that	  the	  majority	  of	  these	  
core	  bacteria	  appear	  to	  be	  unique	  to	  O.	  disjunctus.	  By	  employing	  a	  suite	  of	  multivariate	  
statistical	  methods	  (e.g.	  RDA,	  MRM),	  we	  show	  that	  host	  phylogeographic	  patterns	  inferred	  
from	  single	  nucleotide	  polymorphism	  data	  explain	  patterns	  of	  community	  structure	  that	  
cannot	  be	  explained	  by	  either	  geography	  or	  present-­‐day	  environmental	  factors.	  Together,	  
our	  results	  suggest	  contemporary	  patterns	  in	  both	  O.	  disjunctus	  and	  its	  gut	  microbiome	  
have	  been	  shaped	  by	  both	  the	  historical	  effects	  of	  genetic	  drift	  resulting	  from	  Pleistocene	  
glaciation,	  and	  the	  continuous	  effects	  of	  natural	  selection	  that	  have	  acted	  to	  maintain	  this	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3.2 Introduction	  
	  
The	  microbiome	  has	  had	  a	  profound	  impact	  on	  the	  ecology	  and	  evolution	  of	  many	  hosts1–3.	  
Connections	  between	  the	  gut	  microbiome	  and	  all	  aspects	  of	  host	  biology—including	  
sociality6–9,	  nutrition4,10–12,	  immunity13,14,	  development4,5,	  and	  even	  speciation15–17—
underscore	  the	  growing	  need	  to	  incorporate	  the	  microbial	  dimension	  into	  our	  current	  
understanding	  of	  many	  organisms.	  Despite	  the	  increasingly	  recognized	  importance	  of	  
bacterial	  communities	  to	  a	  growing	  number	  of	  host	  species,	  the	  mechanisms	  underlying	  
their	  evolution	  and	  ecology	  are	  not	  well	  understood.	  	  
	  
Not	  surprisingly,	  normal	  host	  functioning	  is	  often	  tightly	  linked	  to	  the	  composition	  of	  the	  
microbiome	  in	  many	  plant	  and	  animal	  species14,18–21.	  Indeed,	  much	  of	  the	  recent	  interest	  in	  
understanding	  these	  communities	  has	  been	  motivated	  largely	  by	  similar	  observations	  in	  
our	  own	  species,	  where	  microbiome	  dysbiosis	  (i.e.	  abnormal	  conformation	  of	  bacteria)	  has	  
been	  associated	  with	  health	  conditions	  ranging	  from	  obesity22	  and	  diabetes23,	  to	  anxiety24	  
and	  autism25.	  Yet	  despite	  our	  awareness	  of	  the	  general	  connection	  between	  host	  health	  and	  
microbiome	  structure	  (i.e.	  who’s	  there?),	  our	  understanding	  of	  how	  and	  why	  these	  
communities	  change	  through	  time	  and	  space	  and—more	  importantly—how	  these	  changes	  
relate	  to	  the	  host	  has	  been	  hampered	  by	  our	  inability	  to	  make	  sense	  of	  their	  tremendous	  
complexity26–28.	  At	  present,	  a	  better	  understanding	  of	  the	  processes	  shaping	  these	  
communities	  is	  needed	  to	  better	  place	  the	  microbiome	  in	  the	  context	  of	  host	  biology.	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While	  recent	  applications	  of	  community	  ecological	  theory	  to	  the	  microbiome29,30,32	  have	  
proved	  useful	  in	  explaining	  how	  and	  why	  these	  communities	  change	  over	  short	  timescales	  
(i.e.	  days,	  months),	  these	  frameworks	  do	  so	  largely	  outside	  the	  context	  of	  host	  evolution.	  
This	  is	  especially	  surprising	  considering	  the	  demonstrated	  influence	  of	  host	  genetic	  
variation	  on	  the	  microbiome33.	  Curiously,	  though	  we	  recognize	  both	  that	  host	  genetic	  
variation	  has	  been	  shaped	  by	  evolution	  and	  that	  the	  present-­‐day	  microbiome	  is	  shaped	  by	  
host	  genetic	  variation,	  few	  studies	  have	  explicitly	  considered	  the	  logical	  extension	  of	  this	  
reasoning:	  how	  has	  the	  present-­‐day	  microbiome	  been	  shaped	  by	  the	  evolutionary	  
processes	  that	  have	  acted	  on	  hosts?	  	  
	  
Recent	  theoretical	  frameworks	  for	  microbiome	  evolution16,38,39	  have	  largely	  focused	  on	  the	  
role	  of	  natural	  selection	  in	  this	  process.	  Common	  to	  nearly	  all	  of	  these	  frameworks	  are	  the	  
assumptions	  that	  (i)	  variation	  in	  the	  microbiome	  can	  be	  inherited	  when	  determined	  by	  
host	  genetic	  variation	  (ii)	  natural	  selection	  can	  act	  on	  this	  variation	  at	  the	  host	  level	  to	  drive	  
changes	  in	  both	  host	  genetic	  variation	  and	  heritable	  variation	  in	  the	  microbiome	  over	  time.	  
Thus,	  as	  beneficial	  alleles	  move	  to	  fixation	  in	  host	  populations	  over	  time,	  so	  do	  the	  bacteria	  
associated	  with	  these	  alleles.	  A	  classic	  example,	  sociality	  in	  species	  of	  lower	  termites	  is	  
believed	  to	  have	  evolved	  as	  a	  persistence	  mechanism	  to	  facilitate	  the	  transmission	  of	  
symbiotic	  nitrogen-­‐fixing	  bacteria	  to	  offspring43.	  
	  
But	  if	  natural	  selection	  can	  act	  on	  heritable	  variation	  in	  the	  microbiome,	  wouldn’t	  the	  
microbiome	  also	  be	  subject	  to	  the	  full	  scope	  of	  evolutionary	  processes	  potentially	  acting	  on	  
hosts?	  For	  example,	  it	  has	  long	  been	  accepted	  that	  the	  vast	  majority	  of	  evolutionary	  change	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at	  the	  host	  genetic	  level	  occurs	  not	  as	  a	  result	  of	  natural	  selection,	  but	  rather	  due	  to	  the	  
selectively	  neutral	  processes	  of	  genetic	  drift	  and	  mutation44.	  As	  with	  host	  evolution,	  being	  
able	  to	  tell	  the	  difference	  between	  adaptive	  and	  neutral	  changes	  in	  the	  microbiome	  could	  
provide	  important	  context	  into	  the	  relationship	  between	  hosts	  and	  their	  bacterial	  
associates.	  	  
	  
Further,	  while	  the	  majority	  of	  studies	  have	  explored	  changes	  in	  the	  microbiome	  rooted	  
deep	  in	  evolutionary	  time,	  might	  more	  recent	  evolutionary	  processes	  also	  influence	  the	  
microbiome?	  More	  specifically,	  though	  we	  often	  invoke	  evolutionary	  processes	  to	  explain	  
microbiome	  differences	  across	  species,	  the	  potential	  for	  host	  evolution	  to	  explain	  
differences	  within	  species	  has	  been	  largely	  unexplored.	  	  
	  
3.2.1 Focal	  System:	  Odontotaenius	  disjunctus	  	  
Here,	  we	  investigate	  the	  potential	  influence	  of	  recent	  evolution	  in	  Odontotaenius	  disjunctus	  
(Illiger)—a	  xylophagous,	  subsocial	  beetle	  commonly	  found	  throughout	  east	  North	  
America—on	  the	  host’s	  potentially	  symbiotic	  gut	  microbiome.	  	  
The	  unique	  life	  history	  characteristics	  of	  O.	  disjunctus	  make	  it	  somewhat	  of	  an	  anomaly	  
among	  beetle	  species.	  First	  studied	  by	  Pearse	  et	  al.	  (1936),	  members	  of	  the	  species	  spend	  
their	  entire	  lives	  in	  the	  rotting	  logs	  that	  also	  serve	  as	  their	  only	  food	  source.	  Because	  few	  
insect	  species	  can	  rely	  on	  recalcitrant,	  nitrogen-­‐limiting	  woody-­‐tissues	  as	  a	  primary	  food	  
source,	  the	  mechanisms	  underlying	  xylophagy	  in	  O.	  disjunctus	  have	  been	  the	  source	  of	  
historical	  curiosity43.	  Also	  generally	  not	  observed	  among	  beetles,	  O.	  disjunctus	  is	  subsocial,	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living	  in	  family	  groups	  and	  practicing	  parental	  care	  of	  offspring	  through	  proctodeal	  
trophallaxis	  (anus-­‐to-­‐mouth	  feeding)47.	  	  	  
	  
Both	  of	  these	  behaviors	  may	  be	  related	  to	  the	  gut	  microbiome.	  Several	  lines	  of	  indirect	  
evidence	  suggest	  O.	  disjunctus	  relies	  on	  specialized,	  potentially	  coevolved	  gut	  microbes	  in	  
order	  to	  survive	  on	  a	  diet	  of	  decaying	  wood.	  An	  early	  study	  by	  Pearse	  et	  al.	  (1936)	  found	  
that	  while	  adults	  could	  readily	  survive	  on	  sterilized	  wood,	  larvae	  could	  not	  unless	  they	  had	  
first	  been	  inoculated	  with	  adult	  feces.	  Similar	  to	  termites111,	  this	  finding	  suggests	  parental	  
care	  may	  have	  evolved	  in	  O.	  disjunctus	  as	  a	  means	  to	  transmit	  species-­‐specific	  microbial	  
symbionts	  to	  offspring.	  Though	  the	  identities	  and	  functional	  contributions	  of	  these	  
symbionts	  remain	  unknown,	  recent	  studies	  indicate	  gut	  microbes	  may	  be	  involved	  in	  
fermenting	  xylose50	  (a	  major	  component	  of	  lignocellulose)	  and	  nitrogen	  fixation49.	  	  
	  
Though	  natural	  selection	  may	  have	  played	  a	  dominant	  role	  in	  the	  evolution	  of	  the	  
putatively	  symbiotic	  partnership	  between	  the	  O.	  disjunctus	  and	  its	  gut	  microbiome	  over	  the	  
broad	  arc	  of	  the	  species	  history,	  selectively	  neutral	  processes	  largely	  explain	  more	  recent	  
evolutionary	  changes	  in	  the	  host.	  Outlined	  in	  chapter	  1,	  the	  present-­‐day	  phylogeography	  of	  
O.	  disjunctus	  strongly	  reflects	  the	  influence	  of	  Pleistocene	  glaciation	  on	  the	  demographic	  
history	  of	  the	  species.	  For	  example,	  the	  discrete	  genetic	  discontinuity	  along	  the	  
Appalachian	  Mountain-­‐Apalachicola	  River	  divide	  observed	  among	  continuously	  distributed	  
present-­‐day	  populations	  reflects	  their	  descent	  from	  separate	  ancestral	  populations	  isolated	  
around	  the	  time	  of	  the	  Last	  Glacial	  Maximum	  (LGM;	  ~20,000	  Years	  Before	  Present).	  
Additionally,	  present-­‐day	  patterns	  of	  genetic	  diversity	  appear	  to	  reflect	  rapid	  range	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expansions	  from	  these	  ancestral	  refugia	  as	  rising	  global	  temperatures	  allowed	  the	  re-­‐
colonization	  of	  previously	  uninhabitable	  territory.	  Given	  the	  potential	  influence	  of	  host	  
genetic	  variation	  and	  direct	  vertical	  transmission	  on	  community	  structure,	  it’s	  conceivable	  
the	  O.	  disjunctus	  gut	  microbiome	  might	  also	  reflect	  signatures	  of	  the	  host’s	  demographic	  
history.	  	  
	  
Here,	  we	  present	  among	  the	  first	  studies	  determining	  how	  neutral	  host	  evolution	  has	  
influenced	  the	  gut	  microbiome	  of	  a	  host	  species	  prior	  to	  speciation.	  Secondarily,	  we	  present	  
the	  first	  large-­‐scale	  characterization	  of	  the	  potentially	  symbiotic	  gut	  microbiome	  of	  this	  
ecologically	  important	  host	  species.	  Utilizing	  next	  generation	  sequencing	  of	  16s	  rRNA	  
amplified	  from	  three	  distinct	  gut	  segments,	  we	  characterized	  the	  gut	  bacterial	  communities	  
of	  O.	  disjunctus	  across	  the	  natural	  range	  of	  the	  host.	  Consistent	  with	  a	  scenario	  of	  co-­‐
differentiation	  resulting	  from	  long-­‐term	  vertical	  transmission,	  we	  show	  that	  the	  O.	  
disjunctus	  gut	  is	  dominated	  by	  bacteria	  detected	  in	  nearly	  every	  individual	  and	  that	  the	  
majority	  of	  these	  core	  bacteria	  appear	  to	  be	  unique	  to	  O.	  disjunctus.	  We	  then	  employed	  a	  
suite	  of	  multivariate	  statistical	  methods	  (RDA,	  MRM)	  to	  determine	  whether	  present-­‐day	  
patterns	  of	  alpha	  and	  beta	  diversity	  were	  better	  explained	  by	  present-­‐day	  environmental	  
factors,	  spatial	  separation,	  or	  host	  population	  structure	  inferred	  from	  single	  nucleotide	  
polymorphism	  (SNP)	  data.	  Across	  all	  analyses,	  we	  found	  host	  population	  structure	  could	  
explain	  patterns	  of	  gut	  community	  structure	  that	  could	  not	  be	  explained	  by	  contemporary	  
factors.	  Together,	  our	  results	  suggest	  contemporary	  patterns	  in	  both	  O.	  disjunctus	  and	  its	  
gut	  microbiome	  have	  been	  shaped	  by	  both	  the	  historical	  effects	  of	  genetic	  drift	  resulting	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from	  Pleistocene	  glaciation,	  and	  the	  continuous	  effects	  of	  natural	  selection	  that	  have	  acted	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3.3 Methods	  
3.3.1 Sample	  Collection	  
A	  range-­‐wide	  sampling	  of	  O.	  disjunctus	  was	  conducted	  over	  a	  three-­‐month	  period	  (Figure 
18).	  To	  better	  tease	  apart	  the	  relative	  influences	  of	  environmental	  factors	  and	  geography	  
on	  microbiome	  structure,	  each	  sampling	  site	  was	  approximately	  paired	  with	  at	  least	  one	  
other	  site	  at	  the	  same	  latitude	  to	  reduce	  the	  amount	  of	  environmentally	  induced	  spatial	  
autocorrelation.	  The	  shortest	  distance	  between	  sampling	  sites	  was	  8.2	  km	  (two	  samples	  
from	  Roanoke,	  VA)	  while	  the	  largest	  distance	  between	  sampling	  sites	  was	  1534.7	  km	  
(Richmond,	  VA	  to	  Marais	  de	  Cygnes	  National	  Wildlife	  Refuge,	  KS).	  A	  total	  of	  230	  samples	  
were	  collected	  from	  23	  populations	  (10	  beetles/population),	  taking	  only	  one	  beetle	  per	  log	  
to	  avoid	  sampling	  kin	  groups.	  At	  each	  sampling	  location,	  beetles	  were	  collected	  within	  the	  
same	  1	  km	  radius	  to	  control	  for	  the	  size	  of	  the	  sampling	  plot.	  Upon	  capture,	  beetles	  were	  
immersed	  in	  99%	  ethanol	  and	  stored	  in	  sterile	  5ml	  conical	  tubes	  on	  ice	  until	  they	  could	  be	  
shipped	  back	  to	  the	  laboratory.	  Samples	  were	  shipped	  on	  dry	  ice	  from	  the	  field	  as	  close	  to	  
the	  sampling	  date	  as	  possible	  to	  prevent	  degradation	  of	  DNA.	  Samples	  were	  stored	  at	  -­‐20°	  C	  
prior	  to	  dissection/DNA	  extraction.	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Figure	  18	  Map	  of	  Sampling	  Locations	  (present-­‐day	  range	  of	  O.	  disjunctus	  shown	  in	  gray).	  	  
3.3.1.1 Beetle	  Dissection	  
Prior	  to	  dissection,	  samples	  were	  removed	  from	  ethanol,	  allowed	  to	  dry	  completely,	  and	  
weighed.	  Samples	  were	  then	  surface	  sterilized	  by	  immersion	  in	  fresh	  100%	  ethanol	  for	  2	  
min.	  Individual	  beetles	  were	  dissected	  by	  first	  removing	  the	  head	  and	  thorax	  from	  the	  
abdomen	  by	  a	  flame-­‐sterilized	  scalpel.	  The	  carapace	  and	  wings	  were	  then	  removed	  to	  
expose	  the	  membranous	  dorsal	  side.	  Flame-­‐sterilized	  dissection	  scissors	  were	  used	  to	  
make	  a	  single	  cut	  along	  the	  hemisphere	  of	  the	  membrane,	  allowing	  the	  removal	  of	  the	  
entire	  gut.	  Guts	  were	  then	  stretched	  out	  completely	  and	  washed	  in	  sterile	  phosphate-­‐
buffered	  saline	  to	  remove	  external	  bacterial	  contaminants.	  Using	  a	  flame-­‐sterilized	  scalpel,	  
cleaned	  guts	  were	  cut	  into	  three	  gut	  segments:	  the	  midgut	  (MG),	  posterior	  hindgut	  (PHG),	  
and	  anterior	  hindgut	  (AHG)(Figure 19).	  Dissected	  gut	  segments	  were	  separately	  placed	  in	  
1ml	  of	  100%	  ethanol	  and	  stored	  at	  -­‐20°C	  in	  autoclaved	  1.5	  ml	  microcentrifuge	  tubes	  until	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DNA	  extraction.	  After	  completely	  removing	  the	  full	  gut,	  the	  sex	  of	  each	  beetle	  was	  




Figure	  19	  Anatomy	  Of	  Bess	  Beetle	  Gut	  Segments.	  	  
Because	  O.	  disjunctus	  gut	  segments	  harbor	  distinct	  communities	  with	  demonstrated	  
functional	  differences49,	  bacterial	  communities	  from	  each	  gut	  segment	  were	  sequenced	  and	  
analyzed	  separately.	  Total	  DNA	  was	  extracted	  separately	  from	  the	  midgut,	  anterior	  hindgut,	  
and	  posterior	  hindgut	  of	  each	  beetle	  using	  the	  PowerLyzer	  Powersoil	  DNA	  isolation	  kit	  
(MoBio,	  Carlsbad,	  CA,	  USA).	  Because	  extracted	  DNA	  was	  to	  be	  used	  for	  both	  host	  
genotyping	  (see	  chapter	  1)	  and	  microbiome	  characterization,	  the	  manufacturer’s	  
instructions	  were	  followed	  with	  the	  addition	  of	  a	  15-­‐minute	  Proteinase	  K	  digest	  to	  
maximize	  the	  yield	  of	  both	  bacterial	  and	  host	  DNA.	  Following	  the	  10	  minute	  bead-­‐beating	  
step,	  20	  μl	  Proteinase	  K	  was	  added	  to	  each	  reaction	  and	  incubated	  at	  50°	  C	  for	  15	  minutes.	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Following	  this	  step,	  extractions	  proceeded	  according	  to	  the	  manufacturer’s	  protocol.	  From	  
the188	  samples	  chosen	  for	  SNP	  genotype	  analysis,	  95	  beetles	  were	  randomly	  selected	  for	  
microbiome	  analysis	  such	  that	  each	  of	  the	  23	  populations	  was	  represented	  by	  at	  least	  4	  
beetles.	  By	  treating	  the	  midgut,	  anterior	  hindgut,	  and	  posterior	  hindgut	  communities	  of	  
each	  beetle	  as	  a	  separate	  sample,	  a	  total	  of	  285	  distinct	  communities	  were	  selected	  for	  
characterization	  (95	  beetles,	  3	  gut	  segments/beetle).	  	  
	  
3.3.2 Bacterial	  Community	  Characterization	  
The	  V3	  region	  of	  the	  16S	  rRNA	  gene	  (ca.	  150	  nucleotides)	  was	  PCR	  amplified	  in	  triplicate	  
for	  all	  285	  samples	  using	  the	  primers	  and	  thermocycling	  protocol	  described	  in	  Bartram	  et	  
al.	  (2011).	  PCR	  was	  performed	  in	  triplicate	  for	  samples	  to	  minimize	  the	  potential	  bias	  of	  
PCR	  amplification	  on	  observed	  community	  structure.	  PCR	  inhibitors	  were	  removed	  from	  all	  
DNA	  samples	  prior	  to	  amplification	  using	  the	  OneStep	  PCR	  Inhibitor	  Removal	  Kit	  (Zymo	  
Research,	  Irvine,	  CA,	  USA).	  PCR	  replicates	  of	  each	  reaction	  were	  pooled	  and	  40	  μL	  of	  each	  
pooled	  reaction	  was	  run	  on	  a	  2%	  agarose	  gel	  for	  one	  hour	  at	  100V.	  Bands	  were	  visualized	  
under	  UV	  light	  and	  extracted	  using	  GeneMate	  GeneCatcher	  adapters.	  DNA	  was	  extracted	  
from	  excised	  gel	  fragments	  using	  the	  Zymoclean	  Gel	  DNA	  recovery	  kit	  according	  to	  the	  
manufacturer’s	  specifications	  (Zymo	  Research).	  Amplicons	  from	  each	  community	  were	  
sequenced	  on	  three	  lanes	  of	  Illumina	  MiSeq	  paired-­‐end	  2	  X	  150bp	  sequencing.	  In	  total,	  288	  
samples	  were	  sequenced	  (95	  MG,	  95	  AHG,	  95	  PHG,	  3	  Negative	  controls).	  Notably,	  gut	  
segments	  were	  sequenced	  in	  separate	  lanes.	  Sequencing	  was	  performed	  by	  the	  Nucleic	  
Acids	  Research	  Facility	  (NARF)	  at	  Virginia	  Commonwealth	  University.	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3.3.3 Quality	  Filtering	  And	  OTU	  Binning	  
Because	  downstream	  analysis	  of	  bacterial	  communities	  can	  be	  strongly	  influenced	  by	  the	  
methods	  used	  to	  determine	  community	  structure	  from	  raw	  16s	  rRNA	  sequences,	  we	  briefly	  
outline	  the	  steps	  involved	  in	  this	  process	  and	  their	  underlying	  biological	  motivations	  
before	  presenting	  the	  specific	  techniques	  employed	  by	  our	  study	  to	  minimize	  this	  bias.	  Due	  
to	  the	  tremendous	  diversity	  among	  raw	  16s	  rRNA	  sequences,	  sequences	  must	  first	  be	  
processed	  to	  eliminate	  errant	  sequences	  resulting	  from	  sequencing	  error	  as	  they	  can	  lead	  
to	  inflated	  estimations	  of	  alpha	  and	  beta	  diversity.	  As	  a	  data	  reduction	  step,	  raw	  reads	  are	  
typically	  clustered	  into	  groups	  commonly	  referred	  to	  as	  operational	  taxonomic	  units	  
(OTUs)	  based	  on	  nucleotide	  sequence	  similarity.	  By	  convention,	  sequences	  with	  >97%	  
pairwise	  identity	  are	  clustered	  together	  as	  an	  OTU	  due	  to	  (i)	  the	  correspondence	  between	  
this	  cutoff	  and	  traditional	  methods	  for	  classifying	  bacterial	  species	  based	  on	  
morphology/DNA-­‐DNA	  hybridization113(ii)	  the	  inability	  to	  discern	  true	  variation	  from	  
sequencing	  error	  beyond	  this	  threshold	  as	  a	  result	  of	  Illumina	  sequencing	  errors114.	  	  
	  
Because	  read	  filtering115	  and	  OTU	  clustering116,117	  strategies	  have	  been	  demonstrated	  to	  
influence	  the	  community	  composition	  resulting	  from	  various	  existing	  pipelines,	  two	  
filtering/clustering	  strategies	  were	  used	  in	  order	  to	  explore	  the	  sensitivity	  of	  downstream	  
analyses	  to	  read	  filtering/OTU	  clustering	  strategies.	  A	  comparison	  of	  relevant	  filtering	  
criteria	  used	  for	  each	  pipeline	  is	  displayed	  in	  Table	  6.	  
	  
OTU	  matrices	  were	  first	  determined	  from	  raw	  16s	  sequencing	  reads	  using	  the	  MOTHUR118	  
v1.35.1	  pipeline	  (www.mothur.org).	  For	  each	  sample,	  forward	  and	  reverse	  reads	  were	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assembled	  only	  if	  they	  displayed	  perfect	  overlap,	  and	  forward/reverse	  primer	  sequences	  
removed.	  Sequences	  were	  removed	  if	  they	  were	  shorter	  than	  135bp,	  longer	  than	  180bp,	  or	  
contained	  ambiguous	  base	  calls.	  The	  remaining	  set	  of	  sequences	  was	  then	  collapsed	  to	  
include	  only	  unique	  sequences	  and	  aligned	  to	  the	  V3-­‐specific	  region	  of	  the	  curated,	  pre-­‐
aligned	  SILVA119	  database	  (release	  108).	  The	  V3-­‐specific	  SILVA	  alignment	  was	  created	  by	  
performing	  an	  in	  silico	  PCR	  of	  the	  database	  using	  our	  PCR	  primer	  sequences	  and	  trimming	  
the	  full	  SILVA	  alignment	  to	  contain	  only	  the	  V3	  region.	  Because	  global	  alignment	  algorithms	  
can	  “stretch”	  aligned	  reads	  beyond	  regions	  of	  true	  homogeneity	  in	  an	  attempt	  to	  find	  a	  
better	  alignment	  when	  the	  query	  sequence	  is	  significantly	  shorter	  than	  the	  target	  sequence,	  
aligning	  against	  only	  the	  V3	  region	  increases	  the	  accuracy	  of	  our	  alignments	  and	  ultimately	  
the	  resulting	  species	  abundance	  matrix.	  An	  overlapping	  region	  in	  the	  alignment	  was	  
selected	  to	  maximize	  the	  number	  of	  sequences	  spanning	  the	  region	  and	  reads	  that	  did	  not	  
span	  the	  aligned	  region	  were	  removed.	  The	  remaining	  reads	  were	  trimmed	  to	  include	  only	  
bases	  contained	  in	  the	  aligned	  region	  to	  ensure	  that	  pairwise	  distances	  computed	  between	  
sequences	  were	  based	  only	  on	  differences	  in	  this	  homologous	  region.	  A	  pre-­‐clustering	  step	  
further	  reduced	  sequencing	  noise	  by	  collapsing	  sequences	  within	  1	  nucleotide	  difference	  
into	  a	  single	  sequence120.	  De	  novo	  chimera	  checking	  was	  performed	  on	  reads	  prior	  to	  OTU	  
clustering	  using	  UCHIME	  as	  implemented	  in	  MOTHUR.	  As	  with	  above,	  reads	  were	  classified	  
using	  the	  RDP	  classifier121	  implemented	  in	  MOTHUR	  (training	  database	  v14)	  using	  an	  80%	  
posterior	  probability	  cutoff	  over	  1000	  iterations.	  Reads	  classified	  at	  the	  domain	  level	  as	  
something	  other	  than	  Bacteria	  were	  removed.	  A	  pairwise	  distance	  matrix	  was	  computed	  
between	  the	  resulting	  reads	  and	  used	  to	  construct	  OTUs	  using	  average-­‐linkage	  clustering	  at	  
97%	  identity.	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For	  validation	  purposes,	  the	  UPARSE117	  pipeline	  was	  used	  to	  create	  a	  second	  community	  
abundance	  matrix	  from	  raw	  sequence	  reads.	  Initially,	  DNA	  sequence	  reads	  from	  288	  
samples	  were	  received	  as	  pairs	  of	  demultiplexed	  FASTQ	  files.	  Raw	  reads	  were	  assembled	  
using	  PANDAseq122	  and	  kept	  if	  the	  resulting	  assembly	  exceeded	  a	  quality	  threshold	  of	  0.9	  
and	  did	  not	  contain	  any	  ambiguous	  base	  calls	  (i.e.	  N);	  forward	  and	  reverse	  PCR	  primers	  
were	  also	  removed	  during	  this	  step.	  Assembled	  reads	  were	  removed	  if	  they	  were	  shorter	  
than	  135bp,	  longer	  than	  180bp,	  or	  if	  the	  expected	  error	  rate	  was	  greater	  than	  1%.	  Reads	  
were	  then	  dereplicated	  and	  singletons	  removed.	  While	  the	  removal	  of	  singletons	  has	  the	  
potential	  to	  eliminate	  rare,	  potentially	  important	  taxa,	  the	  goal	  of	  this	  step	  is	  to	  minimize	  
the	  artificial	  inflation	  of	  OTU	  diversity	  due	  to	  the	  presence	  of	  errant	  sequences	  arising	  from	  
sequencing	  error.	  Dereplicated	  reads	  were	  then	  clustered	  at	  the	  generally	  accepted	  3%	  
species-­‐level	  16S	  sequence	  divergence	  cutoff	  using	  the	  centroid-­‐clustering	  algorithm	  
implemented	  in	  UCLUST.	  De	  novo	  and	  reference-­‐based	  chimera	  checking	  of	  centroids	  was	  
performed	  using	  the	  UCHIME_DENOVO	  and	  UCHIME_REF	  algorithms	  implemented	  in	  
UCHIME.	  The	  RDP	  reference	  database	  (v14)	  was	  used	  in	  the	  referenced-­‐based	  chimera	  
filtering.	  Representative	  sequences	  from	  each	  OTU	  were	  then	  classified	  using	  the	  RDP	  
classifier	  implemented	  in	  MOTHUR	  as	  described	  above	  and	  removed	  if	  classified	  at	  the	  
domain	  level	  as	  something	  other	  than	  bacteria.	  A	  final	  community	  abundance	  matrix	  was	  
computed	  by	  mapping	  the	  full	  set	  of	  filtered	  reads	  back	  to	  representative	  OTU	  sequences	  
using	  USEARCH	  with	  a	  3%	  sequencing	  identity	  cutoff.	  
	  
Table	  6	  Comparison	  of	  OTU	  Clustering	  Strategies.	  Two	  OTU	  clustering	  strategies	  were	  used	  to	  compare	  patterns	  of	  
community	  structure	  across	  OTU	  tables	  determined	  by	  the	  UPARSE	  and	  MOTHUR	  OTU	  clustering	  pipelines.	  In	  both	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pipelines,	  reads	  with	  ambiguous	  base	  calls	  were	  removed	  prior	  to	  clustering,	  sequences	  were	  clustered	  at	  the	  97%	  
identity	  threshold,	  and	  sequences	  classified	  by	  the	  RDP	  classifier	  with	  >80%	  support	  as	  something	  other	  than	  
bacteria	  were	  removed.	  OTU	  clustering	  strategies	  differed	  mainly	  by	  whether	  they	  removed	  singletons	  prior	  to	  
OTU	  clustering,	  the	  method	  of	  chimera	  detection	  (Reference-­‐Based	  vs.	  de	  novo),	  and	  the	  clustering	  algorithm	  used	  
to	  bin	  sequences	  into	  OTUs	  (Centroid	  vs.	  Average	  linkage).	  Relevant	  parameters	  used	  by	  each	  pipeline	  are	  
summarized	  below.	  	  
Filtering	  Criteria	   UPARSE	   MOTHUR	  
Read	  Assembly	   PANDAseq	   Perfect	  Overlap	  
Max.	  Ambiguous	  Base	  Calls/Read	  	   0	   0	  
Max.	  Exp.	  Error	  Rate	   0.1	   NA	  
Pre-­‐Clustering	   N	   Y	  
Remove	  Singletons	  Prior	  To	  Clustering	   Y	   N	  
Chimera	  Checking	   de	  novo,	  reference	   Reference	  Only	  
Clustering	  Method	   Centroid	   Average	  Linkage	  
OTU	  Threshold	   0.03	   0.03	  
Remove	  Non-­‐Bacteria	   Y	   Y	  
	  
Additional	  filtering	  of	  species	  abundance	  matrices	  was	  performed	  using	  the	  phyloseq123	  
library	  in	  the	  R	  v3.2.0	  statistical	  environment91.	  To	  remove	  potential	  contaminants	  
introduced	  during	  wet-­‐lab	  procedures,	  an	  OTU	  was	  deemed	  a	  contaminant	  if	  its	  average	  
raw	  abundance	  in	  negative	  control	  samples	  was	  greater	  than	  or	  equal	  to	  its	  average	  raw	  
abundance	  across	  experimental	  samples.	  	  
	  
3.3.4 Accounting	  for	  Sampling	  Differences	  
Statistical	  analyses	  of	  community	  structure	  can	  be	  strongly	  influenced	  by	  differences	  in	  
sampling	  depth	  among	  samples	  (i.e.	  the	  number	  of	  filtered	  sequencing	  reads	  used	  to	  
determine	  community	  structure	  for	  each	  sample).	  Because	  the	  methods	  used	  to	  account	  for	  
these	  differences	  can	  introduce	  additional	  bias,	  we	  accounted	  for	  sampling	  differences	  
among	  samples	  using	  both	  rarefaction	  and	  the	  variance	  stabilization	  technique	  outlined	  in	  
McMurdie	  et	  al.	  (2014).	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We	  briefly	  discuss	  the	  statistical	  motivations	  behind	  variance	  stabilization	  before	  
discussing	  how	  the	  methods	  were	  used	  to	  account	  for	  sampling	  differences	  among	  samples	  
in	  the	  OTU	  tables	  computed	  in	  the	  previous	  section.	  Though	  rarefaction	  is	  commonly	  used	  
in	  ecological	  analyses	  to	  account	  for	  differences	  in	  the	  number	  of	  observations	  between	  
sites,	  McMurdie	  et	  al.	  (2014)	  suggest	  rarefaction	  may	  be	  a	  statistically	  inappropriate	  way	  to	  
account	  for	  sampling	  differences	  in	  the	  microbiome	  as	  OTU	  variances	  are	  unequal	  (i.e.	  
heteroscedastic).	  As	  an	  alternative	  method,	  McMurdie	  et	  al.	  (2014)	  suggest	  using	  variance-­‐
stabilizing	  transformations	  commonly	  used	  by	  transcriptome	  studies	  attempting	  to	  
demonstrate	  differential	  protein	  expression.	  In	  the	  context	  of	  the	  microbiome,	  McMurdie	  
(2014)	  argue	  that	  because	  OTU	  variance	  exceeds	  expectations	  under	  a	  Poisson	  model	  and	  
because	  rarefying	  abundance	  matrices	  leads	  to	  excessive	  data	  loss,	  the	  application	  of	  
variance	  stabilization	  to	  raw	  species	  counts	  necessarily	  results	  in	  a	  more	  reliable	  
estimation	  of	  differentially	  abundant	  OTUs	  than	  when	  rarefied	  species	  counts	  are	  
considered.	  Thus	  the	  goal	  of	  variance	  stabilization	  is	  to	  transform	  raw	  species	  counts	  to	  
account	  for	  differences	  in	  sampling	  depth—as	  is	  done	  by	  rarefying	  abundance	  matrices—
but	  in	  a	  way	  that	  takes	  into	  account	  the	  specific	  variance	  of	  each	  OTU.	  	  
	  
To	  determine	  the	  effect	  of	  differential	  sampling	  depth	  and	  the	  methods	  used	  to	  account	  for	  
this	  variation	  on	  downstream	  analysis	  of	  community	  structure,	  we	  compared	  results	  from	  
raw,	  rarified,	  and	  variance	  stabilized	  OTU	  tables	  for	  most	  analyses.	  Rarefaction	  was	  
performed	  using	  the	  phyloseq	  R	  library	  to	  subsample	  all	  samples	  to	  an	  even	  read	  depth.	  The	  
depth	  of	  sampling	  was	  taken	  to	  be	  95%	  of	  the	  total	  number	  of	  reads	  present	  in	  the	  sample	  
with	  the	  fewest	  number	  of	  reads	  after	  removing	  outliers.	  Additionally,	  the	  variance	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stabilizing	  transformations	  discussed	  above	  were	  applied	  to	  raw	  OTU	  tables	  using	  the	  
DESeq2124	  R	  library	  under	  default	  settings.	  	  
	  
3.3.5 Descriptive	  Ecological	  Statistics	  
Basic	  ecological	  statistics	  were	  computed	  using	  the	  phyloseq	  and	  vegan102	  libraries	  in	  R.	  
Because	  the	  choice	  of	  metric	  can	  strongly	  influence	  estimates	  of	  alpha,	  we	  assessed	  the	  
consistency	  of	  alpha	  diversity	  estimates	  across	  five	  distinct	  measures	  of	  alpha	  diversity	  
(Observed	  richness,	  Shannon-­‐Weiner,	  Simpson,	  Inverse	  Simpson,	  Fisher’s	  alpha).	  Pairwise	  
Bray-­‐Curtis	  dissimilarity	  was	  used	  to	  estimate	  beta	  diversity	  among	  bacterial	  communities.	  
General	  patterns	  of	  community	  composition	  were	  visualized	  using	  principal	  coordinate	  
analysis	  (PCoA)	  computed	  from	  pairwise	  Bray-­‐Curtis	  distance	  matrices.	  The	  first	  two	  
coordinates	  were	  plotted	  as	  a	  means	  of	  visualizing	  the	  relative	  similarity	  in	  community	  
composition	  across	  samples.	  	  
	  
3.3.6 Determination	  Of	  Taxa	  Driving	  Community	  Separation	  
To	  identify	  the	  top	  OTUs	  contributing	  to	  among-­‐sample	  variation,	  principal	  component	  
analysis	  (PCA)	  was	  first	  performed	  on	  Wisconsin-­‐standardized,	  square	  root	  transformed	  
OTU	  abundances	  to	  identify	  patterns	  in	  community	  structure.	  The	  number	  of	  significant	  
axes	  was	  determined	  by	  comparing	  the	  eigenvalues	  of	  the	  resulting	  PCA	  axes	  to	  neutral	  
expectations	  under	  a	  broken	  stick	  model125.	  OTU	  loading	  values	  were	  extracted	  from	  
significant	  axes	  to	  quantify	  the	  degree	  to	  which	  each	  OTU	  was	  contributing	  to	  separation	  
along	  each	  axis.	  Loading	  values	  for	  each	  axis	  were	  then	  weighted	  by	  the	  percent	  of	  
variation	  explained	  by	  that	  axis,	  and	  the	  total	  effect	  of	  each	  OTU	  on	  community	  structure	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was	  then	  quantified	  by	  summing	  its	  weighted	  loading	  values	  across	  all	  significant	  axes.	  Top	  
OTUs	  were	  selected	  by	  sorting	  the	  total	  weighted	  loading	  value	  in	  decreasing	  order	  and	  
selecting	  the	  top	  100	  OTUs.	  	  
	  
3.3.7 Conservation	  Of	  Specific	  Taxa	  
Taxa	  carriage	  (i.e.	  the	  percent	  of	  samples	  in	  which	  an	  OTU	  appears)	  was	  determined	  for	  
each	  OTU	  by	  computing	  the	  percent	  of	  samples	  in	  which	  the	  OTU	  was	  present.	  To	  reduce	  
the	  effect	  of	  rarefaction	  on	  this	  estimate,	  taxa	  carriage	  was	  computed	  from	  the	  raw	  species	  
abundance	  matrix	  prior	  to	  subsampling	  and	  after	  removing	  contaminants	  and	  discarding	  
low-­‐coverage	  samples	  as	  described	  above.	  Because	  previous	  findings	  suggest	  O.	  disjunctus	  
harbors	  distinct	  communities	  in	  each	  gut	  segment	  (Ceja-­‐Navarro	  et.	  al,	  2013),	  core	  
bacterial	  taxa	  were	  identified	  within	  each	  gut	  segment	  separately.	  This	  was	  done	  primarily	  
to	  determine	  whether	  core	  taxa	  were	  gut	  segment-­‐specific	  or	  shared	  across	  gut	  segments.	  
For	  each	  gut	  segment,	  an	  OTU	  was	  deemed	  “core”	  if	  it	  was	  present	  in	  that	  gut	  segment	  in	  
more	  than	  90%	  of	  samples.	  Because	  90%	  is	  an	  arbitrary	  though	  commonly	  used	  cutoff	  used	  
to	  determine	  core	  taxa,	  thresholds	  of	  85%,	  95%,	  and	  99%	  taxa	  carriage	  were	  also	  used	  to	  
define	  additional	  sets	  of	  core	  taxa.	  Non-­‐core	  bacteria	  were	  defined	  to	  be	  OTUs	  appearing	  in	  
fewer	  than	  30%	  of	  individuals.	  	  
	  
3.3.7.1 Similarity	  of	  Gut	  Bacteria	  To	  Previously-­‐Characterized	  Bacteria	  
Representative	  reads	  from	  each	  OTU	  were	  first	  selected	  using	  the	  command	  get.oturep().	  
Representative	  reads	  were	  then	  queried	  against	  the	  NCBI	  16S	  rRNA	  database	  (excluding	  
environmental	  samples)	  using	  BLASTN126	  with	  default	  parameters.	  The	  percent	  identity	  of	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the	  top	  BLAST	  hit	  covering	  at	  least	  95%	  of	  the	  query	  sequence	  was	  used	  as	  a	  measure	  of	  
similarity	  of	  each	  OTU	  to	  previously	  characterized	  taxa.	  If	  all	  BLAST	  hits	  for	  a	  
representative	  read	  covered	  less	  than	  95%	  of	  the	  query	  sequence	  or	  if	  no	  BLAST	  hits	  were	  
returned	  for	  a	  representative	  read,	  the	  similarity	  of	  that	  OTU	  to	  previously-­‐characterized	  
sequences	  was	  set	  to	  be	  the	  global	  minimum	  percent	  identity	  observed	  across	  OTUs	  that	  
returned	  a	  hit.	  For	  a	  set	  of	  OTUs,	  we	  calculated	  both	  the	  average	  percent	  identity	  of	  the	  top	  
BLAST	  result	  and	  the	  percent	  of	  OTUs	  that	  would	  not	  be	  clustered	  into	  an	  OTU	  with	  a	  
previously	  characterized	  sequence	  at	  the	  97%	  identity	  threshold.	  Mann	  Whitney	  U	  tests	  
performed	  in	  R	  were	  used	  to	  test	  for	  differences	  in	  the	  average	  similarity	  of	  core	  OTUs	  




3.3.8 Explanatory	  Variable	  Selection	  for	  Statistical	  Testing	  
3.3.8.1 Environmental	  Predictors	  
We	  chose	  to	  determine	  the	  effect	  of	  large-­‐scale	  environmental	  factors	  on	  microbiome	  
structure	  to	  test	  whether	  hosts	  from	  more	  similar	  environments	  harbored	  more	  similar	  
microbiomes.	  Large-­‐scale	  climate	  and	  soil	  factors	  could	  conceivably	  influence	  O.	  disjunctus	  
gut	  microbiome	  structure	  in	  two	  ways.	  First,	  soil	  and	  climate	  factors	  may	  indirectly	  
influence	  gut	  bacterial	  community	  structure	  by	  influencing	  the	  species	  pool	  from	  which	  O.	  
disjunctus	  may	  acquire	  environmental	  bacteria.	  Second,	  because	  the	  O.	  disjunctus	  
microbiome	  is	  thought	  to	  act	  as	  an	  external	  rumen127,	  and	  because	  the	  microbiome	  is	  
potentially	  acquired	  and	  maintained	  via	  the	  recycling	  of	  fecal	  material	  that	  has	  been	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exposed	  to	  the	  external	  environment,	  climate/soil	  factors	  could	  also	  influence	  the	  
abundance	  of	  bacteria	  passed	  through	  the	  feces.	  	  
	  
Admittedly,	  a	  major	  drawback	  of	  looking	  only	  at	  the	  effects	  of	  large-­‐scale	  soil	  and	  climate	  
variables	  on	  bacterial	  community	  structure	  is	  the	  inability	  to	  capture	  variation	  in	  
community	  structure	  explained	  by	  the	  unique	  properties	  of	  the	  local	  environment.	  Yet	  
because	  many	  aspects	  of	  the	  local	  environment	  are	  correlated	  with	  large-­‐scale/regional	  
climate	  factors,	  and	  because	  our	  sampling	  encompasses	  a	  broad	  range	  of	  diverse	  biomes—
coastal	  lowlands,	  mountainous	  highlands,	  prairie	  lands,	  and	  densely	  forested	  regions	  to	  
name	  a	  few—one	  could	  reasonably	  expect	  to	  detect	  large-­‐scale/regional	  patterns	  of	  
community	  structure	  driven	  by	  environmental	  factors	  if	  they	  were	  present.	  In	  light	  of	  this,	  
our	  interest	  in	  the	  large-­‐scale	  patterns	  of	  bacterial	  community	  structure	  associated	  with	  
climate	  and	  soil	  factors	  was	  motivated	  in	  part	  by	  the	  need	  to	  control	  for	  spatial	  
autocorrelation	  in	  microbiome	  structure	  induced	  by	  spatially	  autocorrelated	  
environmental	  factors.	  In	  short,	  because	  phylogeographic	  patterns	  by	  definition	  occur	  at	  
broad/regional	  scales,	  we	  chose	  to	  look	  at	  the	  effect	  of	  environmental	  factors	  on	  
community	  structure	  on	  a	  similarly	  broad	  scale	  to	  account	  for	  their	  effects.	  
	  
Climate	  variables	  were	  computed	  from	  data	  downloaded	  from	  the	  NOAA	  online	  climate	  
database	  (www.ncdc.noaa.gov).	  For	  each	  of	  the	  23	  populations	  sampled,	  complete	  monthly	  
climate	  datasets	  spanning	  a	  period	  from	  1995	  to	  2014	  were	  downloaded	  from	  the	  most	  
proximate	  recording	  station	  to	  each	  sampling	  site.	  From	  these	  data,	  mean	  annual	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temperature	  (MT),	  mean	  precipitation	  (MP),	  mean	  monthly	  temperature	  range	  (MMTR),	  
elevation	  and	  mean	  January	  low	  temperature	  (MJLT)	  were	  calculated	  for	  each	  population.	  	  
	  
To	  characterize	  the	  soil	  characteristics	  of	  each	  population,	  complete	  soil	  surveys	  of	  each	  
county	  containing	  a	  sample	  site	  were	  downloaded	  from	  the	  USDA	  Web	  Soil	  Survey	  
(websoilsurvey.sc.egov.usda.gov/)	  to	  compute	  relevant	  soil	  variables	  in	  a	  similar	  fashion.	  
For	  each	  population,	  ten	  year	  averages	  were	  computed	  for	  the	  following	  soil	  variables:	  %	  
sand,	  %	  silt,	  %	  clay,	  soil	  organic	  matter	  (MoM),	  low	  soil	  organic	  matter	  (LoM),	  high	  soil	  
organic	  matter	  (HoM),	  mean	  soil	  pH,	  low	  soil	  pH,	  high	  soil	  pH,	  and	  the	  percentage	  of	  soil	  
samples	  classified	  as	  belonging	  to	  each	  of	  the	  major	  taxonomic	  soil	  orders	  (alfisols,	  
spodisols,	  ultisols,	  inceptisols,	  histosols,	  entisols,	  mollisols,	  verisols).	  Soil	  measurements	  
were	  excluded	  if	  they	  were	  annotated	  as	  being	  taken	  from	  “barren	  land”	  or	  “not	  used.”	  
Additionally,	  because	  no	  beetle	  samples	  were	  captured	  from	  soils	  directly	  adjacent	  to	  
bodies	  of	  water	  (i.e.	  banks	  of	  rivers,	  lakes,	  and	  ponds),	  soil	  measurements	  were	  excluded	  if	  
the	  maximum	  organic	  matter	  measured	  was	  above	  15ppm	  as	  these	  samples	  were	  generally	  
annotated	  as	  taken	  near	  bodies	  of	  water.	  	  
	  
Prior	  to	  statistical	  testing,	  environmental	  variables	  were	  screened	  for	  significance	  to	  
determine	  whether	  they	  could	  actually	  explain	  patterns	  of	  community	  structure.	  In	  a	  
pairwise	  fashion,	  we	  tested	  for	  significant	  univariate	  correlations	  (p<0.05)	  between	  the	  
arcsine	  transformed	  relative	  abundances	  of	  each	  OTU	  and	  each	  environmental	  variable.	  
Environmental	  variables	  that	  were	  not	  significantly	  correlated	  with	  at	  least	  one	  OTU	  after	  
correcting	  for	  multiple	  comparisons	  (FDR	  method)	  were	  discarded.	  Because	  environmental	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variables	  vary	  considerably	  in	  their	  units	  of	  measurement	  and	  numerical	  ranges,	  variables	  
were	  centered	  on	  zero	  and	  converted	  to	  z-­‐scores	  (number	  of	  standard	  deviations	  away	  
from	  the	  mean	  value	  for	  a	  variable)	  prior	  to	  further	  statistical	  analysis.	  Due	  to	  the	  
correlation	  between	  soil	  and	  climate	  variables,	  forward	  variable	  selection	  procedures	  
(discussed	  in	  later	  sections)	  were	  performed	  jointly	  on	  soil	  and	  climate	  variables	  to	  
minimize	  collinearity	  among	  the	  final	  set	  of	  variables.	  	  
	  
3.3.8.2 Host	  Phylogeographic	  Predictors	  
The	  coordinates	  of	  samples	  along	  significant	  PCA	  axes	  determined	  from	  O.	  disjunctus	  
genotypes	  in	  chapter	  1	  were	  used	  to	  quantify	  host	  phylogeography.	  As	  described	  in	  chapter	  
1,	  PCA	  was	  used	  to	  identify	  patterns	  of	  genetic	  structure	  among	  O.	  disjunctus	  populations	  
using	  genotypes	  determined	  from	  a	  set	  of	  nearly	  50,000	  neutral	  SNP	  loci.	  Significant	  axes	  of	  
population	  structure	  were	  selected	  using	  a	  Tracy-­‐Widom	  distribution	  to	  detect	  deviations	  
from	  null	  expectations.	  Sample	  coordinates	  along	  each	  axis	  were	  considered	  separate	  
variables	  and	  weighted	  proportional	  to	  the	  amount	  of	  variation	  explained	  by	  each	  axis.	  	  
	  
3.3.8.3 Spatial	  Predictors	  
Principal	  Components	  of	  Neighboring	  Matrices	  (PCNM)	  was	  used	  to	  identify	  spatial	  
patterns	  of	  bacterial	  community	  structure.	  Briefly,	  the	  method	  uses	  a	  principal	  coordinate	  
analysis	  (PCoA)	  computed	  from	  a	  connectivity	  matrix	  of	  sampling	  locations	  to	  produce	  a	  
complete	  decomposition	  of	  the	  spatial	  relationships	  among	  a	  set	  of	  samples.	  The	  
connectivity	  matrix	  is	  generally	  constructed	  by	  determining	  a	  minimum	  spanning	  tree	  
connecting	  all	  samples	  from	  a	  pairwise	  distance	  matrix.	  Connections	  in	  the	  original	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pairwise	  distance	  matrix	  not	  observed	  on	  the	  minimum-­‐spanning	  tree	  are	  then	  removed	  to	  
represent	  the	  minimum	  spanning	  tree	  as	  a	  set	  of	  pairwise	  distances.	  By	  performing	  PCoA	  
on	  the	  resulting	  distance	  matrix,	  the	  spatial	  structure	  of	  the	  spanning	  tree	  is	  represented	  
by	  a	  series	  of	  orthogonal	  axes	  (PCNM	  axes)	  in	  Euclidean	  space	  that	  preserve	  the	  distance	  
relationships	  among	  samples.	  Because	  each	  axis	  represents	  a	  unique	  aspect	  of	  spatial	  
patterning	  among	  samples,	  multiple	  levels	  of	  spatial	  structure	  in	  bacterial	  community	  
composition	  by	  using	  RDA	  to	  determine	  the	  spatial	  patterns	  among	  PCNM	  variables	  
associated	  with	  bacterial	  community	  structure.	  	  
	  
Before	  computing	  PCNM	  axes,	  the	  transformed	  OTU	  abundance	  matrix	  was	  detrended	  to	  
remove	  the	  effects	  of	  linear	  gradients	  that	  might	  induce	  an	  arch	  effect	  in	  downstream	  
ordinations.	  Detrending	  was	  performed	  as	  suggested	  by	  Legendre	  and	  Legendre	  (2008)	  by	  
regressing	  OTU	  abundance	  against	  the	  geographic	  coordinates	  of	  samples	  and	  setting	  OTU	  
abundance	  to	  the	  values	  of	  the	  resulting	  residuals.	  Construction	  of	  the	  minimum	  spanning	  
tree	  and	  PCoA	  on	  the	  resulting	  distance	  matrix	  were	  performed	  in	  R	  using	  the	  PCNM	  
function	  in	  the	  vegan	  library	  with	  default	  parameters.	  	  
	  
Additionally,	  because	  PCNM	  is	  not	  suitable	  to	  uncover	  broad-­‐scale	  linear	  trends,	  a	  trend	  
surface	  function	  was	  computed	  to	  describe	  broad-­‐scale	  trends	  in	  microbiome	  data.	  As	  
described	  in	  Borcard	  et	  al.	  (1992)	  and	  Borcard	  and	  Legendre	  (1994),	  trend	  surface	  analysis	  
(TSA)	  uses	  a	  third-­‐order	  polynomial	  function	  computed	  from	  the	  geographic	  coordinates	  of	  
samples	  to	  model	  broad-­‐scale	  spatial	  trends.	  Prior	  to	  trend	  surface	  analysis,	  geographic	  
coordinates	  were	  converted	  to	  Cartesian	  space	  using	  the	  SoDA	  package	  in	  R	  and	  centered	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on	  zero.	  The	  third	  order	  polynomial	  term	  describing	  the	  trend	  surface	  of	  sample	  sites	  was	  
computed	  for	  each	  sample	  using	  the	  native	  R	  function	  poly.	  	  
	  
3.3.8.4 Host	  Phenotype	  Predictors	  
The	  effects	  of	  host	  weight	  and	  host	  sex	  on	  microbiome	  structure	  were	  also	  considered.	  
Though	  these	  predictors	  are	  of	  little	  relevance	  to	  our	  experimental	  question,	  we	  include	  
them	  here	  primarily	  as	  blocking	  factors	  to	  eliminate	  the	  possibility	  that	  patterns	  associated	  
with	  more	  relevant	  predictors	  were	  confounded	  by	  an	  effect	  of	  host	  weight	  and	  host	  sex.	  
Because	  the	  implementation	  of	  RDA	  in	  vegan	  does	  not	  accept	  categorical	  data	  host	  gender	  
was	  dummy	  coded	  as	  a	  binary	  variable.	  The	  statistical	  significance	  of	  each	  predictor	  on	  
bacterial	  community	  structure	  was	  assessed	  using	  RDA	  (p	  <	  0.05)	  as	  described	  above.	  If	  a	  
variable	  was	  deemed	  insignificant,	  it	  was	  not	  used	  in	  downstream	  analyses.	  	  
	  
3.3.9 Statistical	  Analysis	  Of	  Factors	  Influencing	  Community	  Structure	  
3.3.9.1 Influence	  of	  Host	  Genetic	  Diversity	  on	  Within-­‐Site	  Alpha	  Diversity	  	  
To	  estimate	  levels	  of	  within-­‐population	  alpha	  diversity,	  raw	  OTU	  tables	  (i.e.	  not	  rarified)	  
were	  collapsed	  by	  population	  and	  rarified	  to	  account	  for	  sampling	  differences	  among	  
populations.	  Alpha	  diversity	  was	  then	  determined	  for	  each	  population	  in	  the	  same	  manner	  
described	  above.	  To	  estimate	  levels	  of	  within-­‐population	  host	  genetic	  diversity,	  the	  average	  
expected	  heterozygosity	  (He)	  was	  determined	  for	  each	  of	  the	  23	  populations	  using	  SNP	  
genotype	  datasets	  determined	  from	  the	  same	  set	  of	  beetle	  samples	  (described	  in	  chapter	  
1).	  The	  strength	  of	  correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  were	  
determined	  using	  Pearson’s	  correlation	  coefficient	  and	  tested	  for	  significance	  using	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standard	  packages	  in	  the	  R	  programming	  environment.	  Identical	  tests	  were	  performed	  
between	  alpha	  diversity,	  latitude,	  and	  longitude	  to	  determine	  whether	  alpha	  diversity	  
exhibited	  spatial	  signals.	  Variance	  partitioning	  was	  then	  performed	  to	  determine	  the	  
amount	  of	  variation	  in	  alpha	  diversity	  that	  could	  be	  uniquely	  explained	  by	  latitude,	  
longitude,	  and	  host	  genotype.	  The	  standard	  multivariate	  linear	  modeling	  function	  in	  R	  (lm)	  
was	  used	  to	  determine	  the	  full	  amount	  of	  variation	  (adjusted	  R2)	  explained	  by	  all	  factors	  
significantly	  correlated	  with	  alpha	  diversity	  (Alpha	  Diversity	  ~	  Lat.	  +	  Lon.	  +	  He).	  To	  
determine	  the	  amount	  of	  variation	  that	  could	  only	  be	  explained	  by	  a	  variable,	  we	  
subtracted	  the	  amount	  of	  variation	  explained	  by	  a	  linear	  model	  excluding	  only	  that	  term	  
from	  the	  total	  amount	  of	  variation	  explained	  by	  all	  variables.	  	  	  
	  
To	  explore	  the	  sensitivity	  of	  our	  results	  to	  various	  measures	  of	  alpha	  diversity,	  alpha	  
diversity	  was	  determined	  using	  five	  different	  metrics	  available	  in	  the	  phyloseq	  library	  in	  R:	  
Observed	  richness,	  Fisher’s	  alpha,	  Shannon-­‐Weiner	  Index,	  Simpson	  Index,	  Inverse	  Simpson	  
Index.	  To	  explore	  the	  sensitivity	  of	  results	  to	  levels	  of	  SNP-­‐genotype	  filtering	  parameters,	  
we	  used	  three	  different	  measures	  of	  He	  determined	  from	  SNP	  genotype	  sets	  that	  had	  
undergone	  different	  levels	  of	  filtering	  (see	  chapter	  1).	  Correlations	  between	  alpha	  diversity	  
and	  sampling	  depth	  were	  tested	  for	  significance	  in	  the	  manner	  described	  above.	  	  
	  
3.3.9.2 Factors	  Influencing	  Within-­‐Clade	  Beta	  Diversity	  	  
Pairwise	  Bray-­‐Curtis	  distance	  was	  used	  to	  quantify	  beta	  diversity	  among	  hosts	  within	  each	  
phylogeographic	  clade	  identified	  in	  chapter	  1.	  PERMANOVA	  tests	  (permutational	  ANOVA;	  
differences	  between	  groups	  assessed	  by	  permutation)	  were	  used	  to	  detect	  significant	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differences	  between	  estimates	  of	  beta	  diversity	  within	  each	  clade.	  Multiple	  Regression	  on	  
Distance	  Matrices	  (MRM)	  was	  used	  to	  determine	  whether	  beta	  diversity	  within	  each	  clade	  
was	  correlated	  with	  environmental	  dissimilarity,	  host	  phylogeographic	  dissimilarity,	  or	  
spatial	  separation.	  Environmental	  dissimilarity	  was	  quantified	  as	  the	  Euclidean	  distance	  
between	  samples	  computed	  from	  environmental	  variables	  after	  centering	  and	  
standardizing	  as	  described	  above.	  Phylogeographic	  dissimilarity	  was	  quantified	  as	  the	  
Euclidean	  distance	  between	  samples	  computed	  from	  their	  positions	  along	  the	  six	  
significant	  PCA	  axes	  of	  host	  genetic	  structure	  determined	  in	  chapter	  1.	  Prior	  to	  this	  step,	  
axes	  were	  weighted	  by	  the	  percent	  of	  host	  genotypic	  variation	  they	  explained.	  The	  earth-­‐
arc	  distance	  between	  each	  sample	  was	  computed	  from	  Latitude/Longitude	  coordinates	  to	  
quantify	  spatial	  dissimilarity.	  Earth-­‐arc	  distances	  between	  samples	  were	  computed	  using	  
the	  Fields101	  library	  in	  the	  R.	  	  
	  
The	  forward	  variable	  selection	  procedure	  outlined	  in	  Blanchet	  et	  al.	  (2008)	  was	  used	  to	  
select	  a	  reduced	  set	  of	  explanatory	  variables	  that	  could	  explain	  patterns	  of	  beta	  diversity	  as	  
well	  or	  better	  than	  the	  full	  set	  of	  variables.	  Prior	  to	  variable	  selection,	  dissimilarity	  
matrices	  computed	  from	  the	  full	  set	  of	  each	  variable	  type	  (i.e.	  environment,	  
phylogeography,	  spatial)	  were	  separately	  tested	  to	  determine	  whether	  they	  could	  
independently	  explain	  patterns	  of	  beta	  diversity	  within	  each	  clade.	  If	  a	  significant	  
correlation	  was	  observed,	  forward	  variable	  selection	  was	  then	  performed	  to	  determine	  the	  
minimal	  subset	  of	  variables	  within	  each	  variable	  type	  that	  could	  explain	  patterns	  of	  beta	  
diversity.	  For	  each	  subsequent	  step	  in	  the	  procedure,	  MRM	  was	  used	  to	  determine	  the	  
individual	  variable	  whose	  addition	  resulted	  in	  the	  largest	  increase	  in	  the	  total	  adjusted	  R2	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of	  the	  full	  model.	  Variable	  selection	  terminated	  when	  either	  all	  terms	  had	  been	  added	  or	  
when	  no	  variable	  could	  be	  added	  to	  the	  model	  that	  would	  result	  in	  an	  increase	  in	  the	  
adjusted	  R2	  of	  the	  full	  model.	  	  
	  
After	  identifying	  the	  optimal	  set	  of	  explanatory	  variables,	  a	  final	  MRM	  was	  performed	  
within	  each	  clade	  considering	  the	  optimal	  set	  of	  significant	  predictors.	  Variance	  
partitioning	  (described	  below)	  was	  performed	  to	  determine	  the	  relative	  influence	  of	  
environment,	  phylogeography,	  and	  spatial	  separation	  on	  beta	  diversity.	  Variable	  selection	  
and	  variance	  partitioning	  were	  implemented	  in	  custom	  R-­‐scripts.	  
	  
3.3.10 Factors	  Influencing	  Global	  Patterns	  of	  Beta	  Diversity	  
Constrained	  redundancy	  analysis	  (RDA;	  Rao,	  1964),	  was	  used	  to	  determine	  the	  extent	  to	  
which	  variation	  in	  microbiome	  structure	  could	  be	  explained	  by	  environmental	  factors,	  host	  
phylogeography,	  and	  spatial	  separation.	  The	  multivariate	  extension	  of	  multiple	  linear	  
regression	  (MLR),	  RDA	  is	  an	  ordination	  method	  to	  extract	  the	  variation	  in	  a	  set	  of	  response	  
variables	  explained	  by	  a	  set	  of	  explanatory	  variables.	  RDA	  was	  used	  to	  determine	  the	  total	  
amount	  of	  variation	  in	  bacterial	  community	  structure	  that	  could	  be	  explained	  by	  
environmental,	  host	  phylogeographic,	  and	  spatial	  predictors.	  To	  satisfy	  assumptions	  of	  
RDA	  and	  reduce	  confounding	  noise	  that	  might	  lead	  to	  the	  underestimation	  of	  the	  
importance	  of	  the	  factors	  on	  community	  structure,	  OTU	  tables	  were	  subjected	  to	  further	  
filtering	  and	  transformation.	  Because	  RDA	  assumes	  normality	  of	  all	  response	  variables,	  raw	  
OTU	  counts	  were	  transformed	  to	  arcsine	  square-­‐root	  relative	  abundance	  values	  to	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approximate	  normality.	  Unless	  specified	  otherwise,	  analyses	  were	  performed	  in	  R	  using	  the	  
vegan	  and	  ecodist128	  libraries.	  	  
	  
As	  described	  above,	  variable	  selection	  was	  performed	  using	  the	  ordiR2step	  function	  in	  
vegan	  to	  identity	  the	  optimal	  set	  of	  predictor	  variable	  that	  could	  explain	  variation	  in	  
bacterial	  community	  structure.	  Prior	  to	  variable	  selection,	  results	  were	  assessed	  for	  
significance	  using	  permutation	  tests	  (N=999).	  Null	  distributions	  were	  estimated	  for	  a	  set	  of	  
variables	  by	  randomly	  shuffling	  explanatory	  variables	  and	  re-­‐computing	  the	  amount	  of	  
variation	  explained	  in	  community	  structure	  using	  RDA.	  The	  effect	  of	  an	  explanatory	  
variable	  was	  deemed	  statistically	  significant	  if	  the	  amount	  of	  variation	  in	  community	  
structure	  explained	  by	  the	  true	  variables	  was	  greater	  than	  the	  amount	  of	  variation	  
explained	  by	  more	  than	  95%	  of	  the	  null	  variables.	  Insignificant	  variables	  were	  discarded	  
prior	  to	  variable	  selection.	  	  
	  
Variable	  selection	  proceeded	  in	  a	  stepwise	  fashion.	  Beginning	  with	  an	  empty	  linear	  model,	  
the	  variable	  whose	  addition	  to	  the	  model	  resulted	  in	  the	  largest	  increase	  in	  variation	  
explained	  in	  bacterial	  community	  structure	  was	  added	  to	  the	  model.	  The	  percent	  of	  
variation	  in	  bacterial	  community	  structure	  explained	  by	  each	  model	  was	  determined	  using	  
canonical	  redundancy	  analysis.	  Variable	  selection	  stopped	  when	  no	  additional	  variation	  in	  
bacterial	  community	  structure	  could	  be	  explained	  by	  the	  addition	  of	  new	  variables	  to	  the	  
existing	  model.	  Because	  additional	  variation	  can	  almost	  always	  be	  explained	  by	  the	  
addition	  of	  more	  variables,	  adjusted	  R-­‐squared	  (R2adj),	  which	  accounts	  for	  the	  number	  of	  
explanatory	  terms	  included	  in	  the	  model,	  was	  used	  as	  the	  stopping	  criterion.	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3.3.10.1 Variance	  Partitioning	  
Variance	  partitioning125,129–131	  was	  used	  to	  determine	  the	  amount	  of	  variation	  in	  bacterial	  
community	  structure	  that	  could	  be	  uniquely	  or	  jointly	  explained	  by	  each	  class	  of	  predictors	  
described	  above.	  Because	  of	  the	  potential	  for	  collinearity	  among	  our	  explanatory	  variables	  
(correlations	  between	  climate	  and	  latitude	  being	  a	  classic	  example),	  the	  goal	  of	  variance	  
partitioning	  is	  to	  determine	  the	  fraction	  of	  the	  total	  explained	  variation	  in	  community	  
structure	  uniquely	  related	  to	  each	  factor	  (e.g.	  the	  percent	  of	  variation	  in	  community	  
structure	  explained	  only	  by	  host	  phylogeography)	  or	  combination	  of	  factors	  (e.g.	  the	  
percent	  of	  variation	  in	  community	  structure	  explained	  by	  both	  latitude	  and	  temperature).	  	  
	  
For	  our	  analysis,	  we	  partitioned	  the	  variance	  in	  community	  structure	  between	  
environmental	  factors,	  host	  phylogeography,	  spatial	  separation.	  Prior	  to	  variance	  
partitioning,	  to	  determine	  the	  maximum	  potential	  contribution	  of	  each	  factor	  to	  community	  
structure,	  the	  percent	  of	  variation	  in	  gut	  bacterial	  community	  structure	  explained	  by	  each	  
significant	  factor	  independent	  of	  the	  others	  using	  RDA.	  For	  variance	  partitioning,	  the	  
proportion	  of	  variation	  in	  community	  structure	  explained	  by	  each	  set	  of	  explanatory	  
variables	  was	  described	  by	  R2adj.	  Variance	  partitioning	  was	  performed	  in	  R	  using	  the	  
varpart	  function	  in	  the	  vegan	  package.	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3.4 Results	  
3.4.1 Characterization	  of	  Next	  Generation	  Sequencing	  Data	  and	  Potential	  Experimental	  Bias	  
We	  sequenced	  16S	  rRNA	  amplicon	  libraries	  obtained	  through	  PCR	  amplification	  of	  the	  V3	  
region	  of	  the	  16S	  rRNA	  gene	  from	  DNA	  extracted	  from	  each	  gut	  segment	  to	  determine	  
community	  structure.	  Illumina	  sequencing	  resulted	  in	  a	  total	  of	  239,171,667	  raw	  reads	  
pairs	  (>71	  billion	  total	  bases)	  sequenced	  from	  16s	  rRNA	  fragments	  amplified	  from	  the	  O.	  
disjunctus	  gut.	  The	  number	  of	  high-­‐quality	  reads	  identified	  by	  the	  two	  pipelines	  (MOTHUR,	  
UPARSE)	  was	  slightly	  different	  (MOTHUR=~29	  million	  reads;	  UPARSE=~34	  million	  reads),	  
though	  this	  difference	  is	  small	  in	  relation	  to	  the	  total	  number	  of	  raw	  reads.	  	  
	  
Despite	  this	  similarity,	  the	  number	  of	  OTUs	  initially	  determined	  by	  the	  two	  pipelines	  was	  
markedly	  different	  (MOTHUR=	  51,700	  OTUs;	  UPARSE	  =	  11,654	  OTUs).	  Closer	  inspection	  
revealed	  the	  inflated	  number	  of	  MOTHUR	  OTUs	  was	  likely	  an	  artifact	  of	  many	  spurious,	  
low-­‐abundance	  OTUs	  created	  as	  a	  result	  of	  sequencing	  errors.	  Supporting	  this	  claim,	  after	  
removing	  singleton	  and	  doubleton	  OTUs	  from	  the	  MOTHUR	  dataset,	  which	  UPARSE	  does	  by	  
convention	  to	  avoid	  such	  over-­‐estimation,	  we	  found	  more	  similar	  estimates	  of	  OTU	  
richness	  (MOTHUR	  =	  8,215	  OTUs;	  UPARSE	  =	  11,654	  OTUs).	  Shown	  in	  Figure	  20,	  after	  
removing	  likely	  spurious	  OTUs,	  we	  observed	  a	  strong	  correlation	  between	  the	  rank	  
abundance	  curves	  for	  each	  OTU	  table	  (log-­‐transformed	  relative	  abundances	  of	  top	  500	  
OTUs;	  Pearson’s	  r	  =0.9995	  ;	  p	  =0.000035),	  which	  indicates	  the	  two	  describe	  nearly	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Figure	  20	  Comparison	  UPARSE	  and	  MOTHUR	  Rank	  Abundance	  Curves.	  Rank	  abundance	  curves	  were	  computed	  for	  
the	  top	  500	  OTUs	  from	  each	  pipeline	  to	  compare	  the	  overall	  similarity	  of	  OTU	  tables	  (panel	  A).	  This	  was	  done	  after	  
singleton	  and	  doubleton	  OTUs	  were	  removed	  from	  the	  MOTHUR	  dataset	  to	  eliminate	  errant	  OTUs	  likely	  resulting	  
from	  sequencing	  errors.	  Overall	  patterns	  of	  community	  structure	  appear	  to	  be	  largely	  concordant	  between	  the	  
two	  OTU	  tables.	  Over	  85%	  of	  reads	  in	  the	  UPARSE	  OTU	  table	  and	  over	  88%	  of	  reads	  in	  the	  MOTHUR	  OTU	  were	  
represented	  among	  the	  top	  500	  OTUs.	  We	  also	  observed	  nearly	  a	  one-­‐to-­‐one	  correspondence	  between	  the	  log-­‐
transformed	  abundance	  values	  of	  the	  top	  500	  OTUs	  produced	  by	  each	  table	  (panel	  B).	  	  	  	  	  	  
Additionally,	  we	  observed	  significant	  differences	  in	  sampling	  depth	  among	  samples	  (i.e.	  
differences	  in	  the	  number	  of	  reads	  used	  to	  determine	  community	  structure	  for	  each	  
sample).	  The	  average	  number	  of	  filtered	  reads	  among	  samples	  in	  the	  MOTHUR	  OTU	  table	  
was	  102,032,	  though	  this	  varied	  considerably	  with	  sampling	  depths	  ranging	  from	  617,059	  
filtered	  reads	  in	  one	  sample	  to	  2,767	  in	  another.	  In	  the	  UPARSE	  OTU	  pipeline,	  the	  average	  
sampling	  depth	  across	  samples	  in	  the	  final	  species	  abundance	  matrix	  was	  120,166	  filtered	  
sequencing	  reads	  (i.e.	  species	  observations),	  with	  a	  maximum	  sampling	  depth	  of	  747,928	  
reads	  and	  a	  minimum	  sampling	  depth	  of	  2,698	  reads.	  Critically,	  the	  number	  of	  filtered	  
reads	  observed	  in	  negative	  control	  samples	  was	  negligible	  relative	  to	  the	  average	  number	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of	  reads	  in	  beetle	  samples	  (MOTHUR=946	  negative	  control	  reads;	  UPARSE=82	  negative	  
control	  reads),	  suggesting	  wet	  lab	  contamination	  is	  likely	  not	  a	  significant	  source	  of	  bias	  in	  
our	  study.	  	  
	  
Because	  the	  vast	  majority	  of	  samples	  contained	  over	  50,000	  reads,	  we	  eliminated	  samples	  
with	  fewer	  than	  50,000	  total	  observations.	  This	  resulted	  in	  a	  reduced	  dataset	  that	  included	  
86	  midgut	  samples,	  94	  anterior	  hindgut	  samples,	  and	  84	  posterior	  hindgut	  samples.	  As	  
shown	  in	  Figure	  21,	  this	  greatly	  reduced	  the	  variation	  in	  sampling	  depth	  among	  samples.	  
Notably,	  we	  did	  observe	  slight	  differences	  in	  overall	  sampling	  depth	  by	  gut	  segment;	  the	  
average	  read	  depth	  among	  AHG	  samples	  (~155k)	  was	  slightly	  larger	  than	  among	  MG	  
(~134k)	  and	  PHG	  (~123k)	  samples.	  Due	  to	  the	  potential	  for	  these	  differences	  to	  influence	  
downstream	  analyses,	  we	  addressed	  this	  source	  of	  bias	  where	  relevant	  and	  discuss	  its	  
potential	  impact	  in	  later	  sections.	  	  
	  	  	  
	  
Figure	  21	  Sampling	  Depth	  Distributions	  by	  Gut	  Segment.	  Shown	  in	  each	  panel	  are	  the	  numbers	  of	  reads	  observed	  
for	  each	  sample	  in	  the	  final	  OTU	  table	  after	  removing	  samples	  with	  <50,000	  total	  reads.	  The	  number	  of	  reads	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observed	  in	  each	  sample	  appeared	  to	  be	  slightly	  more	  evenly	  distributed	  among	  MG	  and	  AHG,	  whereas	  the	  PHG	  
appears	  to	  be	  skewed	  to	  the	  right.	  Additionally,	  there	  appear	  to	  be	  differences	  in	  the	  overall	  number	  of	  reads	  by	  
gut	  segment.	  The	  average	  read	  depth	  among	  AHG	  samples	  (~155k)	  was	  slightly	  larger	  than	  among	  MG	  (~134k)	  and	  
PHG	  (~123k)	  samples.	  	  
After	  rarefying	  to	  account	  for	  sampling	  differences	  and	  removing	  OTUs	  from	  the	  negative	  
control,	  the	  final	  OTU	  tables	  produced	  by	  MOTHUR	  and	  UPARSE	  contained	  1,310	  OTUs	  and	  
1,019	  OTUs,	  respectively.	  Notably,	  these	  estimates	  are	  in	  line	  with	  previous	  findings	  by	  
Ceja-­‐Navarro	  et	  al.	  (2013).	  When	  variance-­‐stabilizing	  transformations	  were	  applied	  to	  OTU	  
tables,	  we	  observed	  no	  change	  in	  the	  total	  number	  of	  OTUs	  (MOTHUR=8,215;	  
UPARSE=11,654).	  Because	  rarefaction	  resulted	  in	  a	  significant	  amount	  of	  data	  loss,	  the	  
results	  of	  most	  analyses—particularly	  those	  involving	  the	  estimation	  of	  alpha	  diversity—
were	  verified	  on	  the	  full	  datasets	  to	  ensure	  the	  robustness	  of	  observed	  patterns	  to	  data	  
reduction/post-­‐hoc	  filtering	  steps.	  Similar	  sensitivity	  analyses	  were	  performed	  to	  explore	  
the	  impact	  of	  sampling	  depth	  on	  our	  results.	  Though	  we	  cannot	  definitively	  eliminate	  the	  
possibility	  that	  our	  results	  have	  been	  influenced	  by	  these	  potential	  sources	  of	  bias,	  all	  
major	  findings	  were	  consistent	  across	  OTU	  tables	  determined	  by	  the	  two	  different	  
clustering	  pipelines	  (UPARSE,	  MOTHUR).	  Additionally,	  our	  findings	  were	  also	  consistent	  
between	  rarified	  and	  variance-­‐stabilized	  OTU	  tables.	  Finally,	  we	  found	  no	  evidence	  that	  
sampling	  differences	  have	  significantly	  influenced	  our	  results.	  In	  light	  of	  this,	  here	  we	  
present	  only	  the	  results	  when	  using	  the	  rarefied	  OTU	  table	  produced	  by	  MOTHUR.	  	  
	  
3.4.2 Characterization	  of	  O.	  disjunctus	  Gut	  Microbiome	  
3.4.2.1 Comparisons	  To	  Previous	  Studies	  
Initial	  exploratory	  analyses	  revealed	  patterns	  of	  gut	  community	  structure	  both	  consistent	  
with	  and	  contradictory	  to	  the	  patterns	  observed	  by	  Ceja-­‐Navarro	  et	  al.	  (2013).	  Consistent	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with	  their	  findings,	  the	  results	  from	  principal	  components	  analysis	  (PCoA)	  indicated	  that	  
each	  gut	  segment	  harbors	  a	  distinct	  bacterial	  community.	  As	  shown	  in	  Figure	  22a,	  samples	  
from	  each	  gut	  segment	  were	  separated	  with	  very	  few	  exceptions	  along	  the	  first	  two	  
principal	  components—which	  collectively	  explain	  more	  than	  40%	  of	  the	  total	  variation	  in	  
community	  structure—into	  separate	  clusters.	  Interestingly,	  Ceja-­‐Navarro	  et	  al.	  (2013)	  did	  
not	  observe	  significant	  differences	  in	  MG	  and	  PHG	  community	  structure	  (shown	  in	  Figure	  
22b),	  though	  our	  findings	  strongly	  suggest	  otherwise.	  	  
	  
	  
Figure	  22	  Gut	  segments	  may	  harbor	  more	  distinct	  communities	  than	  previously	  thought.	  Panel	  A	  shows	  the	  
position	  of	  samples	  from	  all	  gut	  segments	  along	  the	  first	  two	  PCoA	  axes	  computed	  from	  pairwise	  Bray-­‐Curtis	  
distances	  between	  samples	  computed	  from	  the	  MOTHUR	  OTU	  table.	  Panel	  B	  shows	  a	  hierarchical	  clustering	  of	  
community	  structure	  computed	  by	  Ceja-­‐Navarro	  et	  al.	  (2013)	  for	  the	  same	  gut	  segments	  from	  four	  samples.	  The	  
gut	  segment	  from	  which	  samples	  were	  taken	  is	  indicated	  by	  the	  same	  colors	  in	  both	  panels.	  Though	  Ceja-­‐Navarro	  
et	  al.	  (2013)	  found	  bacterial	  communities	  in	  the	  AHG	  to	  be	  distinct	  from	  those	  found	  in	  MG	  and	  PHG,	  we	  found	  
each	  gut	  segment	  to	  harbor	  a	  distinct	  community.	  As	  shown	  in	  panel	  A,	  this	  pattern	  was	  remarkably	  consistent	  
across	  all	  samples.	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More	  strikingly,	  the	  levels	  of	  alpha	  diversity	  we	  observed	  in	  each	  gut	  segment	  strongly	  
contradict	  previous	  findings	  (Figure	  23).	  While	  Ceja-­‐Navarro	  et	  al.	  (2013)	  observed	  alpha	  
diversity	  to	  be	  highest	  in	  the	  PHG	  and	  lowest	  in	  the	  AHG	  (Figure	  23b),	  we	  found	  nearly	  the	  
opposite	  pattern.	  As	  shown	  in	  Figure	  23a,	  we	  observed	  the	  highest	  levels	  of	  alpha	  diversity	  
in	  the	  anterior	  hindgut	  and	  significantly	  lower	  levels	  of	  diversity	  in	  the	  MG	  (Mann	  Whitney	  
U	  test;	  p	  ~0).	  Notably,	  this	  finding	  was	  robust	  to	  all	  alpha	  diversity	  metrics,	  consistent	  
across	  OTU	  clustering	  strategies,	  and	  insensitive	  to	  whether	  raw,	  rarefied,	  or	  variance-­‐
stabilized	  OTU	  tables	  were	  used	  to	  estimate	  alpha	  diversity.	  Underscoring	  the	  consistency	  
of	  this	  pattern,	  we	  found	  only	  two	  midgut	  samples	  with	  higher	  diversity	  than	  the	  lowest	  
diversity	  AHG	  sample.	  Though	  we	  could	  not	  definitively	  rule	  out	  the	  possibility	  that	  this	  
finding	  may	  be	  an	  artifact	  of	  differences	  in	  sequencing	  depth	  between	  gut	  segments,	  we	  
found	  no	  significant	  correlations	  between	  alpha	  diversity	  and	  sequencing	  depth	  within	  any	  
gut	  segment.	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Figure	  23	  Patterns	  of	  Alpha	  Diversity	  Conflict	  with	  Previous	  Findings.	  The	  relative	  levels	  alpha	  diversity	  we	  
observed	  across	  gut	  segments	  were	  strikingly	  different	  to	  those	  observed	  by	  Ceja-­‐Navarro	  et	  al.	  (2013).	  Shown	  in	  
Panel	  B,	  while	  Ceja-­‐Navarro	  et	  al.	  (2013)	  found	  relative	  levels	  of	  alpha	  diversity	  to	  be	  PHG	  >	  MG	  >	  AHG,	  we	  
observed	  levels	  to	  be	  AHG	  >	  PHG	  >	  MG.	  Though	  estimates	  of	  observed	  richness	  were	  similar	  for	  MG	  samples	  in	  
both	  studies,	  we	  observed	  significantly	  higher	  levels	  of	  observed	  richness	  in	  both	  the	  AHG	  and	  PHG.	  Shown	  in	  
Panel	  B,	  our	  results	  were	  consistent	  across	  all	  samples	  for	  three	  different	  diversity	  metrics	  (Observed	  Richness,	  
Shannon-­‐Weiner	  Index,	  Simpson	  Index).	  Notably,	  only	  two	  MG	  samples	  had	  higher	  levels	  of	  observed	  richness	  than	  
the	  lowest	  diversity	  AHG	  sample.	  	  	  
Additionally,	  we	  observed	  significant	  phylum-­‐level	  differences	  in	  taxonomic	  composition	  
compared	  to	  previous	  findings	  (Figure	  24).	  While	  Ceja-­‐Navarro	  et	  al.	  (2013)	  found	  
Proteobacteria	  to	  be	  the	  dominant	  phylum	  in	  each	  gut	  segment	  (with	  the	  exception	  of	  the	  
AHG;	  Figure	  24b),	  we	  found	  Firmicutes	  and	  Bacteroidetes	  to	  be	  the	  dominant	  phyla	  in	  all	  
gut	  segments	  (Figure	  24a).	  Interestingly,	  we	  did	  not	  observe	  a	  single	  sample	  in	  which	  
Proteobacteria	  was	  the	  dominant	  phylum.	  Additionally,	  while	  Ceja-­‐Navarro	  et	  al.	  (2013)	  
observed	  few	  differences	  in	  the	  overall	  taxonomic	  composition	  of	  gut	  segments,	  we	  found	  
distinct	  bacterial	  phyla	  in	  each.	  For	  example,	  Bacteroidetes	  were	  significantly	  more	  
abundant	  in	  the	  AHG	  and	  PHG	  relative	  to	  the	  MG.	  Correspondingly,	  Tenericutes,	  which	  are	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abundant	  in	  soil	  bacterial	  communities,	  were	  detected	  almost	  exclusively	  in	  the	  MG.	  
Notably,	  Spirochetes,	  which	  have	  been	  implicated	  in	  symbiotic	  processes	  of	  nitrogen	  
fixation	  and	  lignocellulose	  degradation	  in	  termites,	  were	  detected	  by	  both	  our	  study	  and	  
Ceja-­‐Navarro	  et	  al.	  (2013).	  	  
	  
Figure	  24	  Patterns	  of	  Phylum-­‐level	  Taxonomic	  Composition	  Conflict	  With	  Previous	  Findings.	  The	  average	  phylum-­‐
level	  taxonomic	  composition	  is	  shown	  in	  panel	  A	  for	  our	  study	  and	  in	  panel	  B	  for	  Ceja-­‐Navarro	  et	  al.	  (2013).	  
Stacked	  bars	  are	  colored	  by	  the	  average	  relative	  abundance	  of	  each	  phylum	  in	  each	  gut	  segment.	  For	  our	  study,	  
average	  phylum	  level	  taxonomic	  composition	  was	  determined	  by	  summing	  the	  abundance	  of	  each	  OTU	  across	  all	  
samples,	  merging	  the	  abundance	  of	  OTUs	  classified	  as	  belonging	  to	  the	  same	  phylum	  (RDP,	  >80%	  pp),	  and	  
computing	  the	  relative	  abundance	  of	  each	  phylum	  as	  a	  percent	  of	  the	  total	  community.	  Phylum-­‐level	  taxonomic	  
composition	  was	  determined	  in	  the	  way	  for	  the	  Ceja-­‐Navarro	  et	  al.	  (2013)	  dataset	  using	  intensity	  values	  from	  
PhyloChip	  data	  published	  by	  the	  study.	  Though	  Ceja-­‐Navarro	  et	  al.	  (2013)	  observed	  few	  differences	  between	  gut	  
segments,	  we	  found	  distinct	  bacterial	  phyla	  in	  each	  gut	  segment.	  Additionally,	  while	  Ceja-­‐Navarro	  et	  al.	  (2013)	  
observed	  Proteobacteria	  to	  be	  the	  dominant	  bacterial	  phylum	  in	  all	  gut	  segments,	  we	  did	  not	  observe	  a	  single	  
sample	  in	  any	  gut	  segment	  in	  which	  Proteobacteria	  was	  the	  dominant	  phylum.	  To	  the	  contrary,	  we	  found	  
Bacteroidetes	  and	  Firmicutes	  to	  be	  the	  dominant	  phyla	  in	  all	  gut	  segments.	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3.4.2.2 Beta	  Diversity	  
As	  shown	  in	  Figure	  25,	  we	  observed	  significant	  differences	  in	  levels	  of	  beta	  diversity	  within	  
each	  gut	  segment.	  While	  beta	  diversity	  was	  not	  significantly	  different	  between	  the	  MG	  and	  
PHG	  (Mann	  Whitney	  U	  test;	  p	  >	  0.05),	  we	  observed	  significantly	  lower	  levels	  of	  beta	  
diversity	  in	  the	  AHG	  (Mann	  Whitney	  U	  test;	  p	  >	  0.00004).	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Figure	  25	  Community	  Structure	  is	  most	  Conserved	  in	  AHG.	  Beta	  diversity	  was	  quantified	  by	  pairwise	  Bray-­‐Curtis	  
distances	  computed	  among	  samples	  within	  each	  gut	  segment.	  Panel	  A	  shows	  the	  distribution	  of	  pairwise	  distances	  
between	  samples	  within	  gut	  segments.	  Heatmap	  plots	  in	  panel	  B	  show	  all	  pairwise	  distances	  between	  all	  samples	  
in	  each	  gut	  segment;	  pairwise	  distances	  between	  samples	  are	  colored	  from	  high	  beta	  diversity	  (yellow)	  to	  low	  beta	  
diversity	  (blue).	  We	  found	  significantly	  lower	  levels	  of	  beta	  diversity	  (Mann-­‐Whitney	  U	  test,	  p	  =	  0.000004)	  in	  the	  
AHG	  relative	  to	  other	  gut	  segments.	  Beta	  diversity	  was	  not	  significantly	  different	  between	  the	  MG	  and	  PHG.	  These	  
results	  are	  clearly	  visible	  from	  figure	  C,	  which	  shows	  the	  phylum-­‐level	  taxonomic	  composition	  of	  samples	  from	  
each	  gut	  segment	  (ordered	  by	  the	  relative	  abundance	  of	  the	  ‘unclassified’	  phylum	  in	  each	  sample	  clarity).	  Phylum	  
taxonomic	  composition	  was	  remarkably	  conserved	  across	  AHG	  samples,	  moderately	  conserved	  across	  PHG	  
samples,	  and	  most	  variable	  across	  MG	  samples.	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  By	  any	  metric,	  community	  structure	  in	  the	  AHG	  appears	  to	  be	  remarkably	  conserved.	  
Shown	  in	  Figure	  25c,	  this	  finding	  is	  perhaps	  most	  clearly	  demonstrated	  by	  the	  degree	  of	  
phylum-­‐level	  taxonomic	  conservation	  across	  AHG	  samples.	  Not	  only	  were	  the	  same	  phyla	  
detected	  in	  every	  AHG	  sample,	  but	  also	  the	  relative	  abundance	  of	  each	  phyla	  was	  almost	  
exactly	  the	  same	  across	  samples.	  By	  contrast,	  community	  structure	  in	  the	  MG	  and	  PHG	  
appears	  to	  be	  significantly	  more	  variable	  from	  individual	  to	  individual.	  Interestingly,	  
though	  levels	  of	  beta	  diversity	  were	  similarly	  high	  in	  the	  PHG	  and	  MG,	  phylum-­‐level	  
taxonomic	  composition	  was	  markedly	  more	  conserved	  in	  the	  PHG.	  	  	  
3.4.2.3 Conservation	  of	  Specific	  OTUs	  
Community	  structure	  in	  the	  AHG	  and	  PHG	  was	  also	  remarkably	  conserved	  at	  the	  OTU-­‐level.	  
OTU	  conservation	  was	  quantified	  as	  the	  percent	  of	  samples	  in	  which	  an	  OTU	  was	  detected	  
(defined	  as	  “OTU	  carriage”).	  As	  shown	  in	  Figure	  26,	  the	  conservation	  of	  community	  
structure	  at	  the	  OTU	  level	  was	  remarkably	  high	  in	  the	  AHG	  and	  PHG	  and	  significantly	  lower	  
in	  MG	  (Mann	  Whitney	  U	  tests;	  p	  =	  ~0).	  	  	  
	  
Figure	  26	  OTUs	  Highly	  Conserved	  Across	  AHG,	  PHG	  Samples.	  Each	  position	  in	  the	  matrix	  corresponds	  to	  one	  of	  the	  
1310	  OTUs	  detected	  across	  all	  samples	  and	  is	  colored	  by	  the	  percent	  of	  samples	  in	  which	  it	  was	  detected	  
(“Carriage	  rate”;	  Red=OTU	  detected	  in	  100%	  of	  samples;	  Green=	  OTU	  detected	  in	  1	  or	  fewer	  samples).	  Samples	  are	  
as	  shown	  in	  matrix	  form	  purely	  to	  conserve	  space	  and	  ordered	  by	  carriage	  rate.	  Community	  structure	  was	  
remarkably	  highly	  conserved	  at	  the	  OTU-­‐level	  in	  both	  the	  AHG	  and	  PHG.	  Over	  90%	  of	  OTUs	  were	  detected	  in	  >50%	  
of	  AHG	  samples.	  More	  than	  86%	  of	  OTUs	  were	  detected	  in	  >50%	  of	  PHG	  samples.	  Community	  structure	  was	  less	  
conserved	  at	  the	  OTU-­‐level	  in	  the	  MG,	  where	  just	  over	  16%	  of	  OTUs	  were	  detected	  in	  >50%	  of	  MG	  samples.	  More	  
than	  82%	  of	  OTUs	  were	  detected	  in	  fewer	  than	  10%	  of	  midgut	  samples.	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Though	  many	  OTUs	  were	  detected	  in	  all	  MG	  samples,	  the	  82%	  were	  detected	  in	  fewer	  than	  
10%	  of	  samples.	  By	  contrast,	  an	  overwhelming	  majority	  of	  OTUs	  were	  detected	  in	  >50%	  of	  
AHG	  (90%)	  and	  PHG	  (86%)	  samples;	  the	  highest	  levels	  of	  OTU	  conservation	  were	  observed	  
in	  the	  AHG.	  Notably,	  this	  pattern	  was	  observed	  in	  both	  the	  MOTHUR	  and	  UPARSE	  OTU	  
tables.	  Of	  additional	  significance,	  this	  finding	  demonstrates	  that	  the	  conservation	  of	  
phylum-­‐level	  taxonomic	  composition	  we	  observed	  in	  the	  AHG	  and	  PHG	  does	  not	  merely	  
reflect	  non-­‐specific	  associations	  with	  bacteria	  from	  these	  phyla,	  but	  rather	  highly	  specific,	  
highly	  conserved	  associations	  with	  specific	  bacterial	  species.	  	  
	  
3.4.2.4 Core	  Taxa	  
As	  expected	  from	  the	  previous	  analysis,	  a	  number	  of	  OTUs	  were	  detected	  across	  all	  samples	  
(i.e.	  “core”).	  While	  thresholds	  for	  the	  determination	  of	  core	  taxa	  are	  mostly	  arbitrary,	  we	  
followed	  standard	  conventions	  and	  defined	  core	  taxa	  to	  be	  OTUs	  found	  in	  >90%	  of	  samples.	  
Additionally,	  to	  determine	  whether	  gut	  segments	  harbored	  distinct	  sets	  of	  core	  taxa,	  core	  
taxa	  were	  identified	  separately	  within	  each	  gut	  segment.	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Figure	  27	  Core	  OTUs	  Dominate	  All	  Gut	  Segments.	  Core	  OTUs	  were	  defined	  as	  appearing	  in	  >90%	  of	  samples	  and	  
identified	  separately	  within	  each	  gut	  segment.	  Shown	  in	  panel	  A,	  core	  OTU	  richness	  was	  observed	  as:	  AHG	  (493	  
OTUs)	  >	  PHG	  (299	  OTUs)	  >	  MG	  (78	  OTUs).	  Despite	  differences	  in	  core	  OTU	  richness,	  the	  relative	  abundance	  of	  core	  
OTUs	  was	  similar	  across	  gut	  segments.	  Shown	  in	  panel	  C,	  core	  OTUs	  represented	  >77%	  of	  the	  total	  community	  in	  
most	  samples	  (MG:	  86%	  core;	  AHG:	  91%	  core;	  PHG:	  77%	  core).	  	  Shown	  in	  panels	  B,	  global	  patterns	  of	  community	  
structure	  determined	  by	  PCoA	  remained	  essentially	  unchanged	  when	  non-­‐core	  taxa	  were	  removed.	  Additionally,	  
the	  average	  phylum-­‐level	  taxonomic	  composition	  of	  each	  gut	  segment	  was	  nearly	  identical	  after	  removing	  non-­‐
core	  taxa	  (panel	  D).	  	  	  
Shown	  in	  Figure	  27a,	  we	  identified	  core	  OTUs	  in	  all	  gut	  segments.	  Interestingly,	  each	  gut	  
segment	  harbored	  a	  specific	  set	  of	  core	  OTUs.	  The	  AHG	  contained	  the	  highest	  richness	  of	  
core	  OTUs,	  with	  493	  OTUs	  (37.6%	  of	  all	  OTUs).	  The	  PHG	  contained	  the	  second	  highest	  
richness	  of	  core	  OTUs	  (299	  OTUs;	  22.8%	  of	  total	  community),	  followed	  by	  the	  MG	  (78	  
OTUs;	  ~1%	  of	  OTUs).	  Additionally,	  as	  shown	  in	  figure,	  Figure	  27a,	  many	  core	  OTUs	  were	  
conserved	  across	  multiple	  gut	  segments,	  though	  the	  majority	  of	  core	  OTUs	  were	  specific	  to	  
the	  anterior	  hindgut	  (255	  AHG-­‐specific	  core	  OTUs).	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Perhaps	  most	  striking,	  we	  found	  that	  community	  structure	  in	  all	  gut	  segments	  was	  
essentially	  dominated	  by	  core	  OTUs.	  As	  shown	  in	  Figure	  27b,	  core	  OTUs	  comprise	  on	  
average	  more	  than	  85%	  of	  the	  total	  community	  in	  each	  gut	  segment	  across	  all	  samples.	  
Further,	  we	  found	  that	  the	  broad	  scale	  patterns	  of	  community	  structure	  uncovered	  by	  
PCoA	  (Figure	  27c)	  and	  the	  phylum-­‐level	  taxonomic	  composition	  of	  each	  gut	  segment	  
(Figure	  27d)	  remained	  essentially	  unchanged	  when	  non-­‐core	  taxa	  were	  removed.	  	  
	  
To	  more	  quantitatively	  assess	  the	  impact	  of	  core	  taxa	  on	  community	  structure,	  we	  
identified	  the	  top	  100	  OTUs	  contributing	  to	  community	  separation	  in	  ordination	  space	  to	  
determine	  whether	  core	  OTUs	  were	  overrepresented	  among	  these.	  As	  described	  in	  the	  
methods	  section,	  PCA	  loading	  values	  on	  significant	  PCA	  axes	  computed	  from	  the	  full	  
abundance	  matrix	  were	  used	  to	  quantify	  the	  contribution	  of	  each	  OTU	  in	  driving	  
community	  separation.	  When	  all	  gut	  segments	  were	  considered,	  we	  found	  that	  96	  of	  the	  
top	  100	  OTUs	  driving	  community	  separation	  were	  core	  OTUs.	  We	  then	  repeated	  this	  
process	  separately	  for	  each	  gut	  segment	  to	  determine	  the	  extent	  to	  which	  within-­‐gut	  
segment	  variation	  in	  community	  structure	  is	  driven	  by	  core	  OTUs.	  We	  found	  that	  within-­‐
gut	  segment	  variation	  is	  also	  driven	  largely	  by	  core	  OTUs:	  62	  of	  the	  top	  100	  OTUs	  driving	  
midgut	  separation	  were	  core;	  80	  of	  the	  top	  100	  OTUs	  driving	  anterior	  hindgut	  separation	  
were	  core;	  76	  of	  the	  top	  100	  OTUs	  driving	  posterior	  hindgut	  separation	  were	  core.	  
Together,	  these	  results	  indicate	  that	  differences	  in	  gut	  community	  structure	  arise	  not	  from	  
the	  presence/absence	  of	  bacteria,	  as	  we	  might	  expect	  if	  bacteria	  were	  acquired	  randomly	  
from	  then	  environment,	  but	  rather	  by	  the	  differential	  abundance	  of	  very	  specific	  bacteria	  
that	  appear	  to	  be	  present	  in	  nearly	  every	  individual.	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3.4.2.5 Similarity	  of	  Core	  OTUs	  to	  Previously-­‐Characterized	  Bacteria	  
BLAST	  searches	  revealed	  the	  vast	  majority	  of	  core	  OTUs	  to	  be	  completely	  novel	  bacterial	  
species.	  The	  similarity	  of	  core	  bacteria	  to	  previously	  characterized	  bacteria	  was	  quantified	  
as	  the	  percent	  identity	  of	  the	  top	  BLAST	  hit	  covering	  >95%	  of	  the	  representative	  read	  when	  
queried	  against	  the	  NCBI	  Non-­‐Redundant	  Nucleotide	  database	  (NR).	  Because	  bacteria	  with	  
>97%	  sequence	  identity	  in	  16s	  rRNA	  variable	  regions	  are	  conventionally	  considered	  to	  be	  
the	  same	  species,	  core	  OTUs	  were	  considered	  O.	  disjunctus-­‐specific	  if	  they	  failed	  to	  align	  at	  
>97%	  identity	  with	  any	  NR	  sequence.	  Shown	  in	  Figure	  28a,	  the	  vast	  majority	  of	  core	  OTUs	  
fall	  well	  outside	  species-­‐level	  cutoffs	  when	  compared	  to	  bacteria	  in	  the	  NCBI	  database.	  The	  
numerical	  results	  of	  this	  analysis	  are	  given	  in	  Table	  7.	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Figure	  28	  O.	  disjunctus-­‐specific	  Bacteria	  Dominate	  All	  Gut	  Segments.	  The	  similarity	  of	  core	  OTUs	  was	  determined	  
by	  querying	  representative	  sequences	  from	  core	  OTUs	  against	  the	  NCBI	  Non-­‐Redundant	  Nucleotide	  Database	  (NR)	  
using	  BLASTN	  with	  default	  parameters.	  Taxa	  similarity	  was	  defined	  to	  be	  the	  percent	  of	  nucleotide	  identities	  
shared	  between	  a	  representative	  read	  from	  an	  OTU	  and	  its	  top	  BLASTN	  hit	  covering	  >95%	  of	  the	  query	  sequence.	  
Core	  OTUs	  were	  considered	  to	  be	  O.	  disjunctus-­‐specific	  (“species	  specific”;	  given	  by	  dotted	  lines	  in	  panel	  A)	  if	  they	  
failed	  to	  return	  a	  hit	  with	  >97%	  identity.	  Heatmap	  plots	  shown	  in	  panel	  A	  display	  the	  similarity	  of	  core	  OTUs	  to	  
their	  top	  BLASTN	  hit	  (Green=highly	  similar,	  Red=highly	  dissimilar).	  An	  overwhelming	  majority	  of	  core	  AHG	  (92%)	  
and	  PHG	  (89%)	  OTUs	  were	  considered	  host-­‐species	  specific;	  the	  majority	  of	  core	  midgut	  OTUs	  (55%)	  matched	  at	  
least	  one	  previously	  observed	  bacterial	  species	  in	  NR.	  Panel	  B	  shows	  the	  relative	  abundance	  of	  OTUs	  binned	  by	  
their	  similarity	  to	  previously	  observed	  bacteria.	  Though	  the	  average	  relative	  abundance	  of	  O.	  disjunctus-­‐specific	  
bacteria	  was	  >50%	  in	  all	  gut	  segments,	  host-­‐specific	  OTUs	  were	  especially	  prevalent	  in	  the	  AHG	  (94%	  of	  total	  
relative	  abundance).	  More	  than	  74%	  of	  AHG	  samples	  contained	  higher	  levels	  of	  bacteria	  that	  were	  more	  dissimilar	  
to	  previously	  observed	  bacteria	  (<85%	  identity)	  than	  has	  been	  observed	  between	  some	  bacterial	  phyla	  than	  they	  
did	  bacteria	  that	  matched	  something	  in	  NCBI	  at	  the	  species	  level.	  	  	  
Interestingly,	  we	  observed	  significant	  differences	  in	  the	  number	  of	  species-­‐specific	  core	  
OTUs	  between	  gut	  segments.	  Clearly	  visible	  in	  Figure	  28a,	  core	  MG	  OTUs	  were	  more	  similar	  
to	  existing	  sequences	  than	  core	  AHG	  and	  PHG	  OTUs	  (Mann	  Whitney	  U	  test;	  p=0.0004).	  
Among	  core	  MG	  OTUs,	  the	  average	  percent	  identity	  of	  the	  top	  BLAST	  hit	  returned	  by	  core	  
OTUs	  was	  94.45%	  identity,	  with	  more	  than	  44.7%	  failing	  to	  return	  a	  hit	  within	  97%	  
identity.	  Among	  core	  AHG	  OTUs,	  the	  average	  percent	  identity	  of	  the	  top	  BLAST	  hit	  was	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90.78%	  identity,	  with	  almost	  93%	  of	  these	  OTUs	  meeting	  the	  requirements	  for	  species-­‐
specificity.	  We	  observed	  similar	  results	  for	  core	  PHG	  OTUs,	  with	  the	  average	  percent	  
identify	  of	  the	  top	  BLAST	  hit	  being	  90.84%	  identity;	  more	  than	  88%	  of	  core	  PHG	  OTUs	  
were	  considered	  O.	  disjunctus-­‐specific.	  Notably,	  around	  2%	  of	  core	  AHG	  and	  PHG	  OTUs	  
failed	  to	  return	  even	  a	  single	  hit;	  the	  conservation	  of	  these	  OTUs	  across	  samples	  suggests	  
this	  is	  likely	  not	  an	  artifact	  of	  sequencing	  error.	  	  	  	  
	  
Table	  7	  Numerical	  Summary	  of	  BLASTN	  Results.	  Core	  OTUs	  were	  compared	  against	  the	  NCBI	  16S	  rRNA	  database	  
using	  BLASTN.	  The	  average	  percent	  identity	  was	  computed	  by	  from	  the	  top	  BLAST	  hit	  from	  each	  OTU.	  The	  percent	  
species-­‐specific	  denotes	  the	  percent	  of	  core	  OTUs	  failing	  to	  return	  a	  hit	  with	  at	  least	  97%	  identity.	  	  
	  	   Avg.	  PID	   %	  Species-­‐Specific	  
MG	  Core	  OTUs	   94.45	   57.7	  
AHG	  Core	  OTUs	   90.78	   93.8	  
PHG	  Core	  OTUs	   90.84	   88.6	  
	  
Perhaps	  most	  interestingly,	  the	  vast	  majority	  of	  gut	  communities	  appear	  to	  be	  dominated	  
by	  completely	  novel	  bacterial	  species	  Figure	  28b.	  We	  did	  not	  observe	  a	  single	  AHG	  sample	  
where	  previously	  observed	  bacteria	  comprised	  more	  than	  15%	  of	  the	  total	  community;	  
more	  than	  50%	  of	  every	  AHG	  sample	  was	  comprised	  of	  bacteria	  that	  failed	  to	  align	  with	  an	  
NCBI	  bacterial	  sequence	  with	  >91%	  identity.	  Though	  the	  relative	  abundance	  of	  O.	  
disjunctus-­‐specific	  core	  OTUs	  in	  the	  PHG	  and	  MG	  was	  lower	  than	  in	  the	  AHG	  (Mann-­‐
Whitney	  U	  test;	  p=0.004),	  most	  of	  these	  samples	  also	  appear	  to	  be	  largely	  comprised	  of	  
bacteria	  for	  which	  we	  found	  no	  closely	  related	  sequences.	  	  
	  
	   128	  
3.4.3 Influence	  of	  Environment,	  Host	  Phylogeography,	  and	  Spatial	  Separation	  on	  Bacterial	  
Community	  Structure	  
	  
3.4.3.1 Within-­‐Site	  Alpha	  Diversity	  	  
Present-­‐day	  patterns	  of	  genetic	  diversity	  in	  O.	  disjunctus	  populations	  have	  been	  largely	  
shaped	  by	  historical	  range	  expansion	  events	  in	  the	  wake	  of	  Pleistocene	  glaciation.	  Because	  
gut	  community	  structure	  may	  be	  partly	  influenced	  by	  host	  genetic	  variation,	  it’s	  possible	  
that	  populations	  with	  lower	  genetic	  diversity	  might	  also	  harbor	  fewer	  bacterial	  species	  (i.e.	  
lower	  alpha	  diversity).	  To	  test	  this	  hypothesis,	  we	  determined	  whether	  host	  genetic	  
diversity	  could	  explain	  present-­‐day	  patterns	  of	  alpha	  diversity	  among	  sampling	  sites.	  	  
	  
Alpha	  diversity1	  in	  the	  AHG	  and	  PHG	  was	  explained	  largely	  by	  host	  genetic	  diversity.	  
Shown	  for	  the	  AHG	  in	  Figure	  29,	  northern	  populations	  close	  to	  the	  hypothesized	  locations	  
of	  ancestral	  refugia	  had	  higher	  levels	  of	  both	  genetic	  and	  bacterial	  diversity	  than	  southern	  
populations.	  Similar	  to	  spatial	  patterns	  of	  host	  genetic	  diversity,	  alpha	  diversity	  in	  the	  
Western	  clade	  exhibited	  a	  distinct	  Westward/Southward	  gradient,	  with	  the	  highest	  levels	  
of	  alpha	  diversity	  being	  found	  in	  the	  Kentucky/West	  Virginia	  populations	  believed	  to	  be	  
most	  proximate	  to	  the	  ancestral	  Pleistocene	  refugial	  population	  in	  the	  Western	  clade	  
(Figure	  29e,f).	  Interestingly,	  we	  also	  found	  high	  levels	  of	  alpha	  diversity	  in	  the	  
southernmost	  Eastern	  clade	  populations	  (Savannah,	  GA;	  Charleston,	  SC),	  though	  not	  in	  
Western	  clade	  populations	  found	  at	  the	  same	  latitude.	  	  	  
	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  Because	  host	  genetic	  diversity	  was	  estimated	  at	  the	  level	  of	  sampling	  site,	  alpha	  diversity	  was	  estimated	  
from	  pooled	  samples	  within	  each	  site	  to	  provide	  a	  more	  directly	  comparable	  measure	  of	  diversity.	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Figure	  29	  Alpha	  Diversity	  in	  AHG,	  PHG	  Explained	  by	  Host	  Genetic	  Diversity	  (shown:	  AHG).	  Five	  different	  diversity	  
metrics	  (shown:	  Shannon-­‐Weiner	  index)	  were	  used	  to	  estimate	  alpha	  diversity	  within	  populations	  for	  each	  gut	  
segment.	  Average	  expected	  heterozygosity	  (He)	  was	  calculated	  within	  each	  population	  from	  SNP	  genotype	  
datasets	  that	  had	  been	  quality	  filtered	  over	  a	  range	  of	  stringencies	  (shown:	  least	  stringently	  filtered	  SNPs).	  To	  
facilitate	  a	  more	  direct	  comparison	  between	  the	  two	  types	  of	  diversity,	  alpha	  diversity	  was	  calculated	  from	  
samples	  pooled	  by	  population.	  Shown	  in	  panels	  B	  and	  D,	  spatial	  patterns	  of	  alpha	  diversity	  and	  host	  genetic	  
diversity	  were	  largely	  congruent	  in	  both	  the	  AHG	  and	  PHG	  (not	  shown).	  Northern	  populations	  closer	  to	  the	  
locations	  of	  hypothesized	  Pleistocene	  refugia	  (KY/WV/Blue	  Ridge	  Mountains)	  generally	  had	  higher	  levels	  of	  both	  
alpha	  diversity	  and	  host	  genetic	  diversity.	  This	  was	  especially	  true	  for	  host	  populations	  in	  the	  Western	  Clade	  (West	  
of	  the	  Appalachian-­‐Apalachicola	  divide;	  shown	  in	  white).	  In	  these	  populations,	  both	  alpha	  diversity	  and	  host-­‐
genetic	  diversity	  appeared	  to	  decrease	  along	  a	  Southward/Westward	  gradient	  as	  a	  function	  of	  distance	  from	  
present-­‐day	  populations	  likely	  closest	  to	  ancestral	  refugial	  populations.	  Corroborating	  these	  observations,	  we	  
observed	  significant	  (panel	  A)	  or	  borderline	  significant	  (panel	  D)	  correlations	  between	  alpha	  diversity	  and	  host	  
genetic	  diversity	  both	  across	  all	  populations	  (panel	  A)	  and	  within	  the	  Western	  clade	  (panel	  D).	  	  	  
Supporting	  these	  observations,	  linear	  regression	  revealed	  significant	  correlations	  between	  
alpha	  diversity	  and	  host	  genetic	  diversity	  in	  the	  AHG	  (Figure	  29a;	  R2=0.25,	  p=0.054)	  and	  
PHG	  (R2=0.18,	  p=0.042).	  As	  shown	  in	  Figure	  29b,	  the	  correlation	  between	  alpha	  diversity	  
and	  host	  genetic	  diversity	  was	  particularly	  strong	  in	  Western	  clade	  populations	  (PHG:	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R2=0.6	  p=0.007;	  AHG:	  R2=0.25,	  p=0.12).	  Interestingly,	  we	  found	  no	  relationship	  between	  
alpha	  diversity	  and	  host	  genetic	  diversity	  in	  the	  Eastern	  clade	  for	  any	  gut	  segment.	  	  
	  
Increasing	  our	  confidence	  in	  these	  results,	  we	  found	  almost	  no	  evidence	  to	  suggest	  the	  
correlation	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  in	  the	  PHG	  was	  an	  artifact	  of	  
our	  methodology	  (summarized	  in	  Table	  8).	  In	  the	  Western	  clade,	  we	  observed	  similarly	  
significant	  correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  across	  OTU	  
clustering	  strategies	  (OTU	  vs.	  MOTHUR),	  sampling	  correction	  methodologies	  (rarefaction	  
vs.	  variance-­‐stabilization	  vs.	  uncorrected),	  alpha	  diversity	  indices	  (observed	  richness,	  
Shannon-­‐Weiner,	  Simpson,	  Inverse	  Simpson,	  Fisher’s	  alpha),	  and	  SNP	  genotype	  datasets	  
used	  to	  determine	  He.	  The	  notable	  exception	  was	  the	  absence	  of	  significant	  correlations	  
observed	  between	  alpha	  diversity	  (Shannon,	  Simpson,	  Inverse	  Simpson)	  and	  He	  
determined	  from	  the	  most	  stringently	  filtered	  SNP	  dataset.	  Further,	  we	  found	  no	  significant	  
correlations	  between	  alpha	  diversity	  and	  sampling	  depth	  (PHG	  Alpha	  Diversity	  ~	  Sampling	  
Depth:	  R2=0.008,	  p=0.81).	  Together,	  these	  findings	  strongly	  suggest	  the	  correlation	  we	  
observed	  between	  alpha	  diversity	  in	  the	  PHG	  and	  host	  genetic	  diversity	  reflects	  a	  true	  
pattern.	  	  	  	  
	  
By	  contrast,	  sensitivity	  analyses	  in	  the	  AHG	  revealed	  our	  findings	  to	  be	  robust	  to	  some	  
potential	  sources	  of	  bias	  and	  moderately	  sensitive	  to	  others.	  Notably,	  the	  correlation	  
between	  alpha	  diversity	  and	  host	  genetic	  diversity	  was	  consistent	  across	  OTU	  clustering	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2	  Though	  statistically	  inadvisable,	  the	  marginally	  significant	  association	  we	  observed	  between	  alpha	  diversity	  
and	  host	  genetic	  diversity	  in	  the	  AHG	  became	  highly	  significant	  when	  the	  Holly	  Springs,	  MS	  was	  excluded	  
(R2=0.53,	  p=0.01).	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strategies	  and	  insensitive	  to	  whether	  OTUs	  matrices	  had	  been	  rarified	  or	  variance	  
stabilized.	  Additionally,	  we	  found	  no	  evidence	  to	  suggest	  our	  estimates	  of	  alpha	  diversity	  
were	  related	  to	  differences	  in	  sampling	  depth	  (AHG	  ~	  Sampling	  Depth:	  R2=0.52,	  p=0.55).	  
Although	  we	  observed	  significant	  (p	  <	  0.05)	  or	  marginally	  significant	  (p	  <	  0.1)	  correlations	  
between	  alpha	  diversity	  in	  the	  AHG	  and	  genetic	  diversity	  across	  all	  alpha	  diversity	  metrics,	  
alpha	  diversity	  was	  only	  significantly	  correlated	  with	  host	  genetic	  diversity	  when	  He	  was	  
determined	  from	  the	  least	  stringently	  filtered	  SNP	  dataset.	  Notably,	  the	  strength	  and	  
significance	  of	  correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  dramatically	  
increased	  when	  an	  outlier	  population	  with	  markedly	  lower	  levels	  of	  alpha	  diversity	  was	  
excluded	  (Holly	  Springs	  National	  Forest,	  MS).	  In	  light	  of	  these	  findings,	  we	  interpret	  the	  
correlations	  we	  observed	  between	  AHG	  alpha	  diversity	  and	  host	  genetic	  diversity	  with	  
caution.	  	  
	  
Table	  8	  Consistency	  of	  Correlation	  between	  Alpha	  Diversity	  and	  Host	  Genetic	  Diversity	  Across	  Alpha	  Diversity	  
Metrics,	  SNP	  datasets.	  The	  amount	  of	  variation	  in	  alpha	  diversity	  explained	  by	  host	  genetic	  diversity	  (R2)	  is	  shown	  
in	  each	  table	  for	  pairwise	  combinations	  of	  the	  five	  different	  alpha	  diversity	  metrics	  and	  three	  SNP	  datasets	  used	  to	  
determine	  He.	  Correlations	  in	  the	  PHG	  (bottom	  table)	  were	  largely	  robust	  to	  the	  choice	  of	  alpha	  diversity	  metric	  
and	  the	  level	  of	  SNP	  filtering	  used	  to	  determine	  each	  set	  of	  genotypes.	  Correlations	  in	  the	  AHG	  (top	  table)	  were	  
highly	  sensitive	  to	  the	  SNP	  dataset	  used	  to	  determine	  He,	  though	  we	  observed	  significant	  or	  moderately	  significant	  
correlations	  between	  He	  and	  all	  diversity	  metrics.	  	  
AHG	   R2	  with	  He	  by	  SNP	  dataset	  
Diversity	  Index	   Min.	   Med.	   Max.	  
Simpson	   0.25*	   0.13	   0.03	  
Shannon	   0.23**	   0.17	   0.04	  
Inverse	  Simpson	   0.25**	   0.19	   0.06	  
Fisher	   0.18*	   0.16	   0.03	  
Observed	   0.18*	   0.16	   0.03	  
	  
PHG	   R2	  with	  He	  by	  SNP	  dataset	  
Diversity	  Index	   Min.	   Med.	   Max.	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Simpson	   0.43**	   0.41**	   0.17	  
Shannon	   0.41**	   0.40**	   0.13	  
Inverse	  Simpson	   0.40**	   0.40**	   0.13	  
Fisher	   0.59***	   0.61***	   0.42**	  
Observed	   0.61***	   0.61***	   0.42***	  
***p<0.01	  **	  p<0.05,	  *p<0.1	  	  
	  
Supporting	  a	  direct	  influence	  of	  host	  genetic	  diversity	  on	  alpha	  diversity,	  spatial	  patterns	  of	  
alpha	  diversity	  in	  the	  PHG	  were	  completely	  explained	  by	  host	  genetic	  diversity.	  Both	  across	  
all	  populations	  and	  within	  the	  Western	  clade,	  host	  genetic	  diversity	  consistently	  explained	  
more	  of	  the	  variation	  in	  alpha	  diversity	  than	  spatial	  separation	  (West	  populations:	  Max	  
R2He	  =	  0.61;	  Max	  R2Spatial	  =	  0.46).	  More	  importantly,	  spatial	  separation	  could	  not	  explain	  any	  
additional	  variation	  in	  alpha	  diversity	  that	  could	  not	  also	  be	  explained	  by	  host	  genetic	  
diversity	  (Observed	  Richness	  ~	  Latitude	  +	  He	  :	  R2	  =	  0.	  61;	  Observed	  Richness	  ~	  Longitude	  +	  
He	  :	  R2	  =	  0.	  61).	  In	  light	  of	  this,	  we	  strongly	  reject	  a	  scenario	  in	  which	  these	  patterns	  are	  
explained	  by	  spatial	  separation	  alone.	  By	  contrast,	  spatial	  separation	  alone	  appeared	  to	  
explain	  more	  variation	  than	  host	  genetic	  diversity	  in	  the	  AHG	  (West	  populations:	  Max	  R2He	  
=	  0.25;	  Max	  R2Spatial	  =	  0.46).	  Host	  genetic	  diversity	  explained	  only	  2%	  of	  the	  total	  variation	  
in	  alpha	  diversity	  that	  could	  not	  be	  explained	  by	  spatial	  separation.	  	  
	  
We	  also	  found	  evidence	  that	  this	  pattern	  is	  not	  explained	  purely	  by	  differences	  in	  alpha	  
diversity	  between	  environmental	  bacterial	  communities	  at	  each	  site.	  We	  repeated	  the	  
above	  analyses	  using	  sets	  of	  O.	  disjunctus-­‐specific	  bacteria	  defined	  over	  a	  range	  of	  BLAST	  
similarity	  thresholds	  (97%-­‐85%	  similarity	  to	  NCBI	  bacteria)	  to	  determine	  whether	  the	  
correlation	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  remained	  significant	  as	  the	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proportion	  of	  environmental	  bacteria	  effectively	  approached	  zero.	  Interestingly,	  as	  shown	  
in	  Figure	  30,	  host	  genetic	  diversity	  was	  actually	  more	  predictive	  of	  AHG	  alpha	  diversity	  
among	  OTUs	  that	  were	  less	  likely	  to	  have	  been	  acquired	  from	  the	  environment	  (<90%	  
similarity	  to	  NCBI).	  By	  contrast,	  host	  genetic	  diversity	  was	  marginally	  less	  predictive	  of	  
alpha	  diversity	  among	  O.	  disjunctus-­‐specific	  OTUs,	  though	  we	  did	  observe	  significant	  
correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  even	  among	  OTUs	  that	  
were	  highly	  dissimilar	  to	  previously	  characterized	  bacteria.	  	  
	  
	  
Figure	  30	  Correlations	  Between	  Alpha	  Diversity,	  Host	  Genetic	  Diversity	  Cannot	  Be	  Explained	  Purely	  By	  
Environmental	  Bacteria.	  To	  determine	  whether	  the	  correlation	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  
might	  be	  explained	  purely	  by	  differences	  in	  alpha	  diversity	  among	  environmental	  bacterial	  communities	  at	  each	  
sampling	  site,	  we	  determined	  whether	  the	  correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  
remained	  significant	  after	  removing	  bacteria	  that	  were	  likely	  acquired	  from	  the	  environment	  (determined	  over	  a	  
range	  of	  BLAST	  similarity	  thresholds).	  Left	  panel	  graphs	  show	  the	  amount	  of	  variation	  in	  alpha	  diversity	  explained	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by	  host	  genetic	  diversity	  (R2;	  y-­‐axis)	  after	  removing	  OTUs	  above	  a	  given	  similarity	  threshold	  to	  NCBI	  bacteria	  (%	  
identity;	  x-­‐axis).	  Right	  panel	  graphs	  display	  the	  correlation	  between	  alpha	  diversity	  and	  sampling	  depth	  over	  the	  
same	  range	  of	  similarity	  thresholds.	  In	  the	  AHG,	  correlations	  between	  alpha	  diversity	  and	  host	  genetic	  diversity	  
actually	  became	  stronger	  and	  more	  significant	  as	  increasingly	  more	  dissimilar	  taxa	  were	  considered.	  Though	  
correlations	  in	  the	  AHG	  and	  PHG	  were	  insignificant	  as	  some	  similarity	  thresholds,	  alpha	  diversity	  was	  significantly	  
correlated	  with	  alpha	  diversity	  in	  both	  gut	  segments	  after	  removing	  OTUs	  sharing	  >91%	  similarity	  with	  an	  NCBI	  
bacteria.	  	  
In	  both	  gut	  segments,	  alpha	  diversity	  was	  most	  strongly	  correlated	  with	  host	  genetic	  
diversity	  after	  removing	  OTUs	  sharing	  >91%	  sequence	  identity	  with	  a	  previously	  
characterized	  bacterial	  species	  (AHG:	  R2=0.30,	  p=0.005;	  PHG:	  R2=0.32,	  p=0.028).	  As	  with	  
earlier	  results,	  genetic	  diversity	  explained	  even	  more	  variation	  in	  alpha	  diversity	  in	  
Western	  clade	  populations	  than	  it	  did	  across	  all	  populations	  (AHG:	  R2=0.56,	  p=0.004;	  PHG:	  
R2=0.40,	  p=0.04).	  	  
	  
3.4.3.2 Factors	  Influencing	  Beta	  Diversity	  
RDA	  was	  used	  to	  determine	  the	  factors	  influencing	  differences	  in	  overall	  bacterial	  
community	  structure	  among	  individuals	  (i.e.	  beta	  diversity).	  When	  full	  communities	  were	  
considered,	  beta	  diversity	  in	  most	  gut	  segments	  was	  explained	  by	  a	  combination	  of	  
environmental	  factors,	  spatial	  separation,	  and	  host	  phylogeography.	  Shown	  in	  Figure	  31,	  
the	  full	  set	  of	  predictor	  variables	  explained	  the	  largest	  amount	  of	  variation	  in	  the	  AHG	  
(23.6%	  of	  total	  variation)	  and	  the	  smallest	  amount	  of	  variation	  in	  the	  PHG	  (4%	  of	  total	  
variation).	  Critically,	  a	  non-­‐negligible	  percentage	  of	  the	  total	  variation	  in	  MG	  (2.5%	  tot.	  
variation/19.6%	  explained	  variation)	  and	  AHG	  (3.8%	  tot.	  variation/16.1%	  expl.	  variation)	  
community	  structure	  could	  only	  be	  explained	  by	  host	  phylogeography.	  Though	  host	  
phylogeography	  could	  not	  explain	  any	  variation	  in	  PHG	  community	  structure	  by	  itself,	  
1.4%	  of	  the	  total	  variation	  (35%	  of	  expl.	  variation)	  could	  only	  be	  explained	  by	  spatial	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variation	  that	  was	  correlated	  with	  host	  phylogeography	  (S+P).	  Notably,	  sampling	  depth	  
was	  not	  a	  significant	  predictor	  of	  full	  community	  structure	  in	  any	  gut	  segment.	  	  
	  
Figure	  31	  Differences	  in	  Community	  Structure	  Driven	  By	  Geography,	  Environment,	  Host	  Phylogeography.	  RDA	  was	  
used	  to	  determine	  the	  total	  amount	  of	  variation	  in	  community	  structure	  that	  could	  be	  explained	  by	  spatial	  
separation	  (significant	  PCNM	  axes),	  environmental	  variation	  (significant	  soil	  +	  climate	  variables),	  and	  host	  
phylogeography	  (positions	  of	  samples	  along	  significant	  PCA	  axes	  of	  population	  structure	  determined	  from	  host	  
genotypes).	  Variance	  partitioning	  was	  performed	  to	  determine	  whether	  variation	  in	  community	  structure	  could	  be	  
explained	  uniquely	  by	  any	  of	  the	  factors	  considered.	  This	  was	  performed	  for	  full	  gut	  segment	  communities,	  non-­‐
core	  OTUs	  (detected	  in	  <30%	  of	  samples),	  and	  O.	  disjunctus-­‐specific	  OTUs	  (<90%	  similarity	  to	  NCBI	  taxa).	  The	  
results	  of	  variance	  partition	  are	  shown	  in	  panel	  A,	  which	  displays	  the	  total	  amount	  of	  variation	  in	  community	  
structure	  explained	  by	  the	  variance	  components	  given	  in	  the	  legend.	  Community	  structure	  could	  be	  explained	  by	  
phylogeography	  in	  all	  full	  communities	  and	  host-­‐specific	  communities,	  but	  not	  in	  any	  of	  the	  non-­‐core	  communities.	  
More	  than	  2%	  of	  the	  variation	  in	  AHG	  and	  MG	  community	  structure	  could	  be	  explained	  only	  by	  host	  
phylogeography	  (12.5%	  explainable	  MG	  variation;	  5%	  explainable	  AHG	  variation),	  though	  all	  variation	  in	  the	  PHG	  
explained	  by	  phylogeography	  was	  also	  explained	  by	  spatial	  separation.	  Shown	  in	  panel	  B,	  much	  of	  the	  variation	  
explained	  by	  spatial	  separation	  could	  also	  be	  explained	  by	  host	  phylogeography	  in	  the	  full	  and	  host-­‐specific	  
communities	  but	  not	  in	  the	  non-­‐core	  communities.	  	  
More	  strikingly,	  spatial	  patterns	  of	  community	  structure	  identified	  by	  PCNM/TSA	  could	  
largely	  be	  explained	  by	  host	  phylogeography	  in	  all	  gut	  segments.	  Shown	  in	  Figure	  31b,	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100%	  of	  the	  spatial	  separation	  in	  community	  structure	  could	  also	  be	  explained	  by	  host	  
phylogeography.	  Though	  host	  phylogeography	  explained	  less	  of	  the	  spatial	  variation	  in	  
community	  structure	  in	  the	  MG	  (42.9%)	  and	  AHG	  (31.3%),	  there	  was	  still	  a	  significant	  link	  
between	  spatial	  patterns	  of	  community	  structure	  and	  spatial	  patterns	  of	  host	  population	  
structure.	  	  
	  
We	  also	  found	  no	  evidence	  that	  the	  effect	  of	  host	  phylogeography	  is	  being	  driven	  by	  the	  
presence/absence	  of	  environmental	  bacteria.	  The	  lack	  of	  variation	  explained	  by	  host	  
phylogeography	  in	  the	  non-­‐core	  community	  (Figure	  31)	  provides	  initial	  support.	  Under	  the	  
assumption	  non-­‐core	  OTUs	  are	  being	  acquired	  from	  the	  environment,	  there	  appears	  to	  be	  
no	  relation	  between	  environmental	  beta	  diversity	  and	  host	  phylogeography.	  Additionally,	  a	  
non-­‐negligible	  fraction	  of	  the	  total	  variation	  in	  community	  structure	  among	  OTUs	  most	  
likely	  to	  be	  acquired	  through	  vertical	  transmission	  (core	  with	  <90%	  similarity	  to	  NCBI;	  
Figure	  31)	  could	  only	  be	  explained	  by	  host	  population	  structure	  (MG:	  1.8%	  total	  variation;	  
and	  AHG:	  4.4%).	  Though	  we	  cannot	  conclude	  causation,	  we	  can	  conclude	  that	  certain	  
patterns	  of	  core	  taxa	  abundance	  can	  only	  be	  explained	  by	  host	  genetic	  differences	  resulting	  
from	  the	  influence	  of	  Pleistocene	  glaciation	  on	  the	  demographic	  history	  of	  the	  host	  species.	  	  
	  
3.4.3.3 Within-­‐	  Clade	  Patterns	  of	  Beta	  Diversity	  
Host	  phylogeography	  also	  largely	  explains	  patterns	  of	  beta	  diversity	  within	  host	  clades	  
identified	  in	  chapter	  1.	  We	  explored	  patterns	  of	  beta	  diversity	  within	  each	  of	  the	  five	  host	  
phylogeographic	  clades	  to	  determine	  whether	  the	  small	  effect	  of	  host	  population	  structure	  
across	  all	  samples	  might	  belie	  a	  stronger	  effect	  nested	  within	  some	  of	  them.	  We	  observed	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significantly	  different	  levels	  of	  beta	  diversity	  within	  host	  clades	  for	  all	  gut	  segments	  
(PERMANOVA;	  MG:	  p=0.003;	  AHG:	  p=0.0039;	  PHG:	  p=0.0001).	  Beta	  diversity	  in	  the	  MG	  and	  
PHG	  was	  significantly	  higher	  among	  hosts	  from	  the	  larger	  True	  East	  and	  True	  West	  clades.	  
Surprisingly,	  beta	  diversity	  in	  the	  AHG	  exhibited	  the	  opposite	  pattern.	  Shown	  in	  Figure	  32,	  
beta	  diversity	  in	  the	  AHG	  was	  significantly	  higher	  among	  hosts	  in	  the	  smaller	  Midwest,	  
Central,	  and	  Blue	  Ridge	  clades.	  	  
	  
Figure	  32	  AHG	  Beta	  Diversity	  Highest	  in	  Clades	  Closest	  to	  Locations	  of	  Hypothesized	  Glacial	  Refugia.	  Beta	  diversity	  
within	  the	  five	  host	  phylogeographic	  clades	  identified	  in	  Chapter	  1	  (panel	  A,	  right	  panel)	  was	  determined	  using	  
pairwise	  Bray-­‐Curtis	  distances.	  Within	  the	  larger	  East	  and	  West	  host	  phylogeographic	  clades,	  nested	  clades	  closest	  
to	  the	  hypothesized	  locations	  of	  ancestral	  refugial	  populations	  (Midwest,	  red;	  Blue	  Ridge,	  green)	  had	  higher	  levels	  
of	  beta	  diversity	  than	  their	  larger	  counterparts	  (True	  West,	  magenta;	  True	  East,	  blue).	  This	  finding	  was	  unexpected	  
given	  that	  hosts	  within	  these	  clades	  were	  separated	  by	  significantly	  smaller	  distances	  (blue	  panel)	  and	  sampled	  
from	  significantly	  more	  similar	  environments	  (green	  panel)	  than	  their	  True	  East/True	  West	  counterparts.	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Shown	  in	  Figure	  32b,	  though	  hosts	  within	  these	  clades	  were	  separated	  by	  significantly	  
smaller	  distances	  (blue	  panel)	  and	  sampled	  from	  significantly	  more	  similar	  environments	  
(green	  panel),	  their	  AHG	  bacterial	  communities	  were	  significantly	  more	  variable	  from	  
individual	  to	  individual.	  Interestingly,	  this	  pattern	  was	  more	  or	  less	  consistent	  with	  
previously	  observed	  patterns	  of	  host	  genetic	  dissimilarity	  within	  these	  clades	  (Figure	  32b,	  
orange	  panel).	  	  
	  
Multiple	  Regression	  on	  Distance	  Matrices	  (MRM)	  was	  used	  to	  determine	  the	  amount	  of	  
variation	  in	  AHG	  community	  structure	  that	  could	  be	  explained	  by	  environmental,	  spatial,	  
and	  host	  genetic	  variation	  within	  each	  clade.	  Shown	  in	  Figure	  33,	  we	  found	  significant	  
correlations	  between	  AHG	  community	  structure	  and	  all	  three	  explanatory	  variables	  in	  four	  
of	  the	  five	  clades.	  The	  notable	  exception	  was	  in	  the	  Central	  clade,	  where	  only	  a	  small	  
fraction	  of	  the	  total	  variation	  in	  community	  structure	  was	  attributed	  uniquely	  to	  
environmental	  variation	  (4.8%	  of	  total	  variation).	  Interestingly,	  spatial	  separation	  
explained	  similar	  amounts	  of	  beta	  diversity	  within	  the	  True	  West	  (10%	  of	  total	  variation)	  
and	  Blue	  Ridge	  clades	  (8%	  of	  total	  variation).	  This	  finding	  was	  particularly	  unexpected	  
given	  their	  size	  discrepancy.	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Figure	  33	  Higher	  Levels	  of	  Beta	  Diversity	  In	  Refugial	  Clades	  Explained	  By	  Host	  Genetic	  Variation.	  Multiple	  
Regression	  on	  Distance	  Matrices	  (MRM)	  was	  used	  to	  determine	  whether	  beta	  diversity	  within	  each	  clade	  could	  be	  
explained	  by	  environmental	  variation	  (22	  soil,	  climate	  variables),	  host	  genetic	  variation	  (weighted	  scores	  of	  
samples	  along	  significant	  PCA	  axes	  computed	  from	  host	  genotypes),	  and	  spatial	  variation	  (earth-­‐arc	  distance	  
between	  samples).	  Graphs	  shown	  above	  display	  the	  amount	  of	  variation	  in	  beta	  diversity	  that	  could	  be	  explained	  
only	  by	  each	  factor	  (determined	  by	  variance	  partitioning).	  In	  clades	  closest	  to	  glacial	  refugia	  (green,	  red),	  the	  
majority	  of	  explainable	  variation	  in	  beta	  diversity	  could	  only	  be	  explained	  by	  host	  genetic	  variation	  (Midwest:	  
26.3%	  of	  total	  variation/76.7%	  explained	  variation;	  Blue	  Ridge:	  22.1%	  of	  total	  variation/45.7%	  of	  explained	  
variation).	  By	  contrast,	  almost	  none	  of	  the	  variation	  in	  beta	  diversity	  in	  the	  True	  East	  (blue	  bar)/True	  West	  (red	  
bar)	  clades	  could	  be	  explained	  by	  host	  genetic	  variation.	  	  
Strikingly,	  most	  of	  the	  variation	  explained	  in	  the	  Midwest	  (26.3%	  of	  total	  variation;	  76.7%	  
of	  explained	  variation)	  and	  Blue	  Ridge	  clades	  (22.1%	  of	  total	  variation;	  45.7%	  of	  explained	  
variation)	  could	  only	  be	  explained	  by	  host	  genetic	  variation	  (Figure	  33,	  orange	  panel).	  We	  
found	  nearly	  the	  opposite	  pattern	  in	  the	  True	  East	  and	  True	  West	  clades,	  where	  host	  
genetic	  variation	  essentially	  could	  not	  explain	  any	  variation	  in	  beta	  diversity.	  More	  
generally,	  the	  total	  amount	  of	  variation	  in	  these	  clades	  explained	  by	  any	  of	  the	  factors	  we	  
considered	  was	  significantly	  less	  than	  the	  amount	  explained	  by	  host	  population	  structure	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3.5 Discussion	  
Host	  evolution	  has	  both	  profoundly	  influenced	  and	  been	  profoundly	  influenced	  by	  the	  
microbiome3,15,132.	  Despite	  this	  recognition,	  few	  studies	  have	  explored	  the	  influence	  of	  
more	  recent	  host	  evolution	  on	  the	  microbiome	  within	  a	  single	  host	  species	  prior	  to	  
speciation.	  We	  analyzed	  bacterial	  communities	  isolated	  from	  the	  midgut	  (MG),	  anterior	  
hindgut	  (AHG),	  and	  posterior	  hindgut	  (PHG)	  of	  95	  specimens	  sampled	  across	  the	  species’	  
range	  to	  characterize	  the	  potentially	  symbiotic	  gut	  microbiome	  of	  O.	  disjunctus	  and	  explore	  
whether	  the	  effects	  of	  Pleistocene	  glaciation	  on	  host	  evolution	  might	  also	  be	  reflected	  in	  the	  
microbiome.	  	  
	  
3.5.1 Historical	  Influence	  of	  Pleistocene	  Glaciation	  on	  Gut	  Microbiome	  
Though	  subtle,	  the	  signatures	  of	  Pleistocene	  glaciation	  and	  its	  influence	  on	  the	  
demographic	  history	  of	  O.	  disjunctus	  appear	  to	  be	  reflected	  in	  the	  host’s	  present	  day	  gut	  
microbiome.	  When	  all	  individuals	  from	  all	  populations	  were	  considered,	  we	  found	  patterns	  
of	  beta	  diversity	  in	  all	  gut	  segments	  that	  could	  only	  be	  explained	  by	  host	  population	  
structure.	  Further,	  we	  found	  that	  spatial	  patterns	  of	  beta	  diversity	  could	  also	  largely	  be	  
explained	  by	  host	  population	  structure,	  especially	  in	  the	  PHG	  where	  100%	  of	  the	  spatial	  
variation	  was	  explained	  by	  host	  population	  structure.	  The	  effect	  of	  host	  phylogeography	  
was	  especially	  strong	  on	  alpha	  diversity	  in	  certain	  gut	  segments.	  Though	  we	  found	  mixed	  
evidence	  in	  the	  AHG,	  spatial	  patterns	  of	  alpha	  diversity	  in	  the	  PHG	  could	  be	  entirely	  
explained	  by	  host	  genetic	  diversity.	  A	  similarly	  strong	  effect	  of	  host	  phylogeography	  on	  
within-­‐clade	  beta	  diversity	  was	  also	  observed	  in	  the	  AHG.	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The	  effect	  of	  host	  phylogeography	  on	  with-­‐clade	  beta	  diversity	  is	  particularly	  revealing	  in	  
the	  AHG.	  Given	  the	  potential	  influence	  of	  environmental	  factors	  and	  spatial	  separation	  on	  
microbiome	  structure,	  we	  would	  expect	  geographically	  isolated	  hosts	  or	  hosts	  from	  very	  
different	  environments	  to	  harbor	  less	  similar	  gut	  bacterial	  communities	  (i.e.	  higher	  beta	  
diversity).	  Yet	  we	  observed	  significantly	  higher	  levels	  of	  beta	  diversity	  in	  the	  smallest,	  most	  
environmentally	  homogenous	  clades.	  Given	  the	  higher	  levels	  of	  genetic	  dissimilarity	  
between	  individuals	  in	  these	  clades	  and	  the	  large	  effect	  of	  host	  genetic	  variation	  on	  beta	  
diversity	  we	  observed	  in	  these	  clades,	  our	  results	  indicate	  community	  structure	  in	  the	  AHG	  
is	  determined	  largely	  by	  host	  genetic	  variation.	  This	  hypothesis	  would	  also	  explain	  why	  
AHG	  community	  structure	  was	  significantly	  more	  conserved	  across	  individuals	  from	  
different	  environments	  and	  sampling	  locations.	  
	  
Patterns	  of	  alpha	  diversity	  and	  within-­‐clade	  beta	  diversity	  strongly	  reflect	  the	  demographic	  
history	  of	  O.	  disjunctus.	  Similar	  to	  spatial	  patterns	  of	  host	  genetic	  diversity,	  alpha	  diversity	  
in	  the	  Western	  clade	  exhibited	  a	  distinct	  Westward/Southward	  gradient,	  with	  the	  highest	  
levels	  of	  alpha	  diversity	  This	  relationship	  was	  particularly	  significant	  in	  the	  Western	  clade,	  
where	  spatial	  patterns	  of	  both	  host	  genetic	  and	  alpha	  diversity	  exhibited	  clear	  
Westward/Southward	  gradients	  of	  decreasing	  diversity	  radiating	  away	  from	  populations	  
closest	  to	  the	  hypothesized	  Western	  clade	  refugium.	  Given	  the	  influence	  of	  historical	  range	  
expansions	  on	  patterns	  of	  host	  genetic	  diversity,	  this	  finding	  suggests	  range	  expansions	  
may	  have	  had	  a	  similar	  effect	  on	  levels	  of	  alpha	  diversity	  within	  each	  population.	  
Additionally,	  host	  demographic	  history	  seems	  to	  be	  the	  only	  thing	  that	  can	  explain	  the	  
curious	  patterns	  of	  within-­‐clade	  beta	  diversity	  in	  the	  AHG.	  Given	  the	  likely	  influence	  of	  host	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genetic	  variation	  on	  AHG	  structure,	  it	  makes	  sense	  that	  individuals	  within	  more	  genetically	  
homogenous	  clades	  (True	  East/True	  West)	  would	  also	  harbor	  more	  similar	  microbiomes.	  
Because	  the	  higher	  levels	  of	  genetic	  diversity	  within	  the	  Midwest	  and	  Blue	  Ridge	  clades	  
reflects	  their	  proximity	  to	  the	  locations	  of	  ancestral	  refugial	  populations,	  range	  expansion	  
also	  appears	  to	  underlie	  the	  significantly	  lower	  levels	  of	  beta	  diversity	  in	  the	  most	  
geographically	  expansive,	  most	  environmentally	  heterogeneous	  clades.	  More	  importantly,	  
the	  inability	  of	  present-­‐day	  factors	  to	  explain	  this	  pattern	  clearly	  demonstrates	  why	  host	  
demographic	  history	  should	  be	  explicitly	  accounted	  for	  in	  microbiome	  studies	  when	  
possible.	  	  
	  
The	  connections	  between	  microbiome	  structure	  and	  range	  expansion	  strongly	  implicate	  
genetic	  drift	  as	  a	  historical	  process	  that	  has	  influenced	  present-­‐day	  patterns	  of	  community	  
structure.	  Discussed	  in	  greater	  detail	  in	  chapter	  1,	  rising	  global	  temperatures	  in	  the	  wake	  of	  
the	  Pleistocene	  uncovered	  previously	  uninhabitable	  territory	  and	  precipitated	  the	  rapid	  
expansion	  of	  ancestral	  O.	  disjunctus	  populations	  from	  refugial	  populations	  to	  the	  extent	  of	  
the	  current	  range.	  Contemporary	  spatial	  patterns	  of	  genetic	  diversity	  likely	  reflect	  the	  
compounding	  of	  the	  founder	  effect	  as	  populations	  further	  from	  glacial	  refugia	  were	  
successively	  established.	  Whether	  this	  process	  influenced	  the	  microbiome	  indirectly	  
through	  the	  loss	  of	  alleles	  influencing	  community	  structure	  or	  directly	  through	  the	  
differential	  transmission	  of	  vertically	  inherited	  bacteria,	  range	  expansion	  appears	  to	  have	  
had	  a	  similar	  effect	  on	  bacterial	  community	  structure	  that	  has	  persisted	  to	  this	  day.	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An	  additionally	  curious	  finding,	  though	  host	  population	  structure	  seems	  at	  first	  to	  explain	  a	  
trivial	  amount	  of	  the	  total	  variation	  in	  gut	  community	  structure	  across	  all	  individuals	  (MG:	  
3.4%,	  AHG:	  3.7%,	  PHG:	  1.9%),	  these	  levels	  are	  comparable	  to	  the	  amount	  of	  host	  genetic	  
variation	  explained	  by	  the	  same	  pattern	  (8.8%).	  Though	  it’s	  unclear	  whether	  the	  similar	  
rates	  of	  divergence	  between	  host	  genetic	  variation	  and	  microbiome	  structure	  reflect	  the	  
direct	  action	  of	  host	  genetic	  variation	  on	  the	  microbiome	  or	  a	  common	  process	  acting	  on	  
both	  simultaneously	  (i.e.	  drift	  acting	  directly	  on	  both	  host	  genetic	  variation	  and	  vertically	  
transmitted	  bacteria),	  this	  correspondence	  suggests	  evolutionary	  change	  in	  the	  
microbiome	  can	  also	  occur	  gradually	  through	  time.	  Perhaps	  more	  importantly,	  it	  indicates	  
that	  the	  degree	  to	  which	  historical	  demography	  should	  be	  taken	  into	  consideration	  is	  
proportional	  to	  the	  degree	  of	  differentiation	  among	  host	  populations.	  	  
	  
Collectively,	  these	  results	  demonstrate	  that	  the	  microbiome	  can	  be	  subjected	  to	  a	  broader	  
array	  of	  evolutionary	  forces	  than	  are	  being	  presently	  considered.	  Though	  the	  neutral	  
theory	  of	  evolution44	  may	  not	  apply	  to	  the	  microbiome	  full	  stop,	  perhaps	  its	  time	  to	  take	  a	  
similarly	  cautious	  approach	  when	  inferring	  the	  role	  of	  selection	  as	  a	  mechanism	  of	  
heritable	  change	  through	  time.	  Indeed	  a	  more	  nuanced	  understanding	  of	  microbiome	  
evolution	  would	  be	  useful	  in	  determining	  when	  the	  microbiome	  is	  a	  driver	  of	  host	  
evolution	  and	  when	  it	  is	  only	  a	  passenger.	  	  
	  
3.5.2 An	  Ancient	  Partnership	  
Despite	  over	  a	  century	  of	  inquiry,	  what	  little	  we	  know	  about	  the	  potentially	  symbiotic	  gut	  
microbiome	  of	  O.	  disjunctus	  comes	  from	  only	  a	  handful	  of	  studies.	  Further,	  the	  majority	  of	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these	  studies	  considered	  only	  a	  few	  individuals.	  While	  lines	  of	  indirect	  evidence47,49–52	  
strongly	  point	  toward	  a	  long	  coevolutionary	  history	  between	  O.	  disjunctus	  and	  its	  microbial	  
associates,	  these	  studies	  have	  been	  hampered	  by	  the	  limited	  scope	  of	  their	  observations.	  By	  
performing	  the	  first	  large-­‐scale	  characterization	  of	  the	  O.	  disjunctus	  gut	  microbiome	  across	  
the	  entire	  species	  range,	  our	  study	  provides	  an	  important	  opportunity	  to	  ground-­‐truth	  
existing	  hypothesis	  on	  the	  nature	  of	  this	  partnership.	  	  
	  
Though	  the	  historical	  isolation	  of	  ancestral	  populations	  during	  Pleistocene	  glaciation	  
appears	  to	  have	  had	  a	  subtle	  effect	  on	  community	  structure,	  a	  more	  glaring	  pattern	  was	  the	  
absence	  of	  patterns.	  Though	  we	  observed	  incredibly	  high	  levels	  of	  beta	  diversity	  across	  
individuals,	  this	  variation	  was	  essentially	  due	  to	  the	  differential	  abundance	  of	  the	  same	  
taxa	  that	  were	  found	  across	  all	  individuals.	  This	  seems	  particularly	  surprising	  given	  many	  
of	  these	  populations	  have	  remained	  isolated	  for	  more	  than	  20,000	  years.	  Though	  we	  cannot	  
conclude	  coevolution,	  the	  results	  from	  our	  large-­‐scale	  survey	  of	  gut	  community	  structure	  
strongly	  suggest	  these	  ancient	  partnerships	  have	  been	  maintained	  continuously	  over	  time	  
by	  natural	  selection	  acting	  on	  hosts.	  	  
	  
The	  conservation	  of	  core	  taxa	  across	  all	  individuals	  suggests	  present-­‐day	  gut	  community	  
structure	  is	  determined	  by	  evolutionarily	  conserved	  host	  mechanisms	  that	  far	  pre-­‐date	  the	  
divergence	  of	  O.	  disjunctus	  populations	  isolated	  around	  the	  LGM	  (~20	  kya).	  Though	  we	  
identified	  a	  number	  core	  OTUs	  conserved	  across	  all	  individuals,	  a	  more	  unexpected	  finding	  
was	  the	  finding	  that	  the	  core	  O.	  disjunctus	  gut	  microbiome	  essentially	  is	  the	  O.	  disjunctus	  gut	  
microbiome.	  Confirmed	  by	  quantitative	  analysis	  of	  PCA	  loading	  values,	  differences	  between	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individuals	  are	  driven	  not	  by	  the	  presence/absence	  of	  sporadically	  distributed	  OTUs,	  but	  
rather	  by	  the	  differential	  abundance	  of	  core	  OTUs.	  This	  finding	  is	  especially	  notable	  
considering	  the	  consistent	  lack	  of	  core	  taxa	  observed	  among	  insect	  species	  that	  recruit	  
heavily	  from	  environmental	  bacterial	  communities48,133.	  Said	  another	  way,	  its	  very	  unlikely	  
that	  we	  would	  observe	  this	  many	  highly	  conserved	  OTUs	  among	  O.	  disjunctus	  specimens	  
taken	  from	  widely	  different	  environments	  and	  geographic	  locations	  if	  the	  microbiome	  was	  
essentially	  a	  “random	  grab”	  from	  the	  surrounding	  environment.	  To	  the	  contrary,	  it’s	  likely	  
host	  mechanisms	  for	  the	  recruitment	  of	  these	  taxa	  were	  present	  in	  ancestral	  populations	  
prior	  to	  Pleistocene	  divergence	  and	  have	  been	  maintained	  in	  hosts	  over	  time.	  	  
	  
The	  host’s	  social	  behaviors—particularly	  proctodeal	  trophallaxis—appear	  have	  played	  an	  
important	  role	  in	  the	  persistence	  of	  several	  OTUs.	  The	  universality	  of	  a	  bacterial	  species	  
within	  a	  host	  can	  result	  from	  different	  processes:	  some	  species	  may	  be	  strictly	  vertically	  
transmitted,	  others	  may	  be	  consistently	  acquired	  from	  the	  environment	  through	  host	  
regulatory	  mechanisms,	  and	  some	  may	  be	  consistently	  present	  due	  to	  their	  predisposition	  
to	  the	  host	  environment	  (i.e.	  commensals)3,42,134.	  Bacteria	  acquired	  through	  vertical	  
transmission	  with	  sufficient	  fidelity	  over	  sufficiently	  long	  timescales	  can	  become	  co-­‐
differentiated	  within	  a	  host	  lineage	  as	  they	  accumulate	  novel	  mutations	  not	  shared	  by	  free-­‐
living	  bacteria.	  By	  contrast,	  bacteria	  acquired	  from	  the	  environment	  can	  be	  widely	  
observed	  both	  in	  the	  surrounding	  environment	  and	  in	  other	  host	  species.	  	  
	  
Global	  patterns	  of	  marked	  dissimilarity	  of	  among	  core	  OTUs	  relative	  to	  existing	  bacteria	  
strongly	  suggest	  proctodeal	  trophallaxis	  may	  be	  the	  only	  way	  many	  of	  these	  bacteria	  have	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been	  maintained	  through	  evolutionary	  time.	  Indeed,	  most	  core	  OTUs	  are	  found	  in	  every	  O.	  
disjunctus	  individual	  and	  seemingly	  nowhere	  else.	  For	  example,	  the	  average	  core	  AHG	  
(89.6%	  dissimilarity	  to	  NCBI)	  and	  PHG	  OTU	  (90.8%)	  cannot	  be	  placed	  within	  an	  existing	  
bacterial	  order	  (<90%	  similarity	  cutoff)113.	  More	  strikingly,	  41%	  of	  AHG	  samples	  contained	  
a	  higher	  relative	  abundance	  of	  core	  OTUs	  from	  potentially	  novel	  bacterial	  phyla	  (<80%	  
similarity)113	  than	  they	  did	  OTUs	  from	  an	  existing	  species	  (>97%	  identity)113.	  Though	  the	  
dissimilarity	  of	  some	  OTUs	  may	  reflect	  the	  incompleteness	  of	  existing	  reference	  databases,	  
this	  doesn’t	  explain	  the	  global	  dissimilarity	  across	  most	  core	  taxa	  to	  previously	  observed	  
bacteria.	  Supporting	  this	  claim,	  insect	  hosts	  recruiting	  heavily	  from	  the	  environment	  are	  
typically	  dominated	  by	  a	  small	  number	  of	  widely	  observed	  generalist	  bacteria1,133.	  In	  light	  
of	  this,	  a	  more	  likely	  explanation	  for	  these	  results	  is	  co-­‐differentiation	  resulting	  from	  long-­‐
term	  vertical	  transmission.	  Further,	  the	  prevalence	  of	  these	  apparently	  co-­‐differentiated	  
bacteria	  implicates	  proctodeal	  trophallaxis	  as	  a	  primary	  mechanism	  of	  historical	  and	  
contemporary	  community	  acquisition	  in	  O.	  disjunctus.	  	  
	  
Beyond	  questions	  of	  how	  core	  OTUs	  have	  been	  maintained	  in	  O.	  disjunctus	  since	  the	  LGM,	  a	  
more	  difficult	  question	  to	  address	  is	  why?	  Why	  do	  host	  populations	  that	  in	  some	  cases	  have	  
remained	  isolated	  for	  nearly	  20,000	  years	  contain	  more	  or	  less	  the	  same	  set	  of	  bacteria?	  
The	  universality	  of	  many	  core	  OTUs	  is	  especially	  surprising	  given	  that	  many	  can	  only	  be	  
acquired	  though	  vertical	  transmission—that	  is	  to	  say,	  like	  host	  genes.	  Much	  like	  neutral	  
host	  genetic	  variation,	  host-­‐specific	  OTUs	  could	  also	  be	  permanently	  lost	  if	  they	  had	  no	  
impact	  on	  host	  fitness37.	  Given	  that	  present-­‐day	  genetic	  differentiation	  among	  host	  
populations	  is	  largely	  the	  result	  of	  genetic	  drift	  acting	  on	  neutral	  genetic	  variation,	  why	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haven’t	  any	  of	  these	  bacteria	  been	  lost	  over	  time?	  The	  simplest	  answer	  is	  that	  they	  aren’t	  
neutral.	  	  
	  
Though	  we	  cannot	  definitively	  conclude	  the	  role	  of	  natural	  selection	  in	  the	  persistence	  of	  
core	  taxa,	  it	  provides	  the	  best	  explanation	  for	  why	  the	  O.	  disjunctus	  gut	  microbiome	  has	  
remained	  largely	  unchanged	  in	  the	  face	  of	  neutral	  evolutionary	  pressures	  acting	  on	  hosts.	  
Early	  work	  by	  Pearse	  et	  al.	  (1936)	  provides	  more	  direct	  support	  for	  this	  hypothesis.	  Briefly,	  
the	  study	  demonstrated	  that	  O.	  disjunctus	  requires	  the	  presence	  of	  an	  unknown	  
microorganism(s)	  that	  could	  only	  be	  acquired	  through	  proctodeal	  trophallaxis.	  Thus,	  
selective	  pressure	  on	  O.	  disjunctus	  provides	  a	  viable	  though	  tentative	  explanation	  for	  the	  
persistence	  of	  a	  majority	  of	  core	  AHG	  and	  PHG	  OTUs	  and	  several	  MG	  OTUs.	  Said	  another	  
way,	  the	  host	  is	  under	  strong	  selection	  to	  maintain	  the	  presence	  of	  at	  least	  one	  member	  of	  
its	  microbiome	  (though	  not	  necessarily	  bacterial),	  and	  a	  number	  of	  core	  OTUs	  “fit	  the	  bill.”	  	  
	  
The	  role	  of	  selection	  is	  further	  supported	  by	  more	  recent	  work	  demonstrating	  gut	  bacterial	  
nitrogen	  fixation	  and	  the	  subsequent	  uptake	  of	  these	  products	  by	  host	  tissues49.	  Though	  it’s	  
unclear	  whether	  O.	  disjunctus	  depends	  on	  these	  products,	  nitrogen-­‐fixing	  bacterial	  
symbionts	  are	  critical	  to	  a	  number	  of	  xylophagous	  insect	  hosts	  to	  offset	  the	  low	  nitrogen	  
content	  of	  their	  wood-­‐based	  diets135,136.	  Interestingly,	  Ceja-­‐Navarro	  et	  al.	  (2013)	  found	  
bacterial	  nitrogen	  fixing	  proteins	  were	  significantly	  overexpressed	  in	  the	  AHG	  relative	  to	  
other	  gut	  segments.	  This	  would	  explain	  why	  community	  structure	  is	  so	  remarkably	  
conserved	  in	  this	  gut	  segment	  and	  why	  core	  AHG	  OTUs	  are	  so	  dissimilar	  to	  previously	  
characterized	  bacteria.	  Though	  we	  cannot	  conclude	  that	  any	  specific	  OTU	  provides	  a	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selective	  advantage	  to	  O.	  disjunctus	  from	  our	  data,	  our	  study	  provides	  by	  far	  the	  most	  
comprehensive	  support	  to	  date	  that	  natural	  selection	  has	  acted	  continuously	  on	  hosts	  over	  
evolutionary	  time	  to	  maintain	  these	  ancient	  partnerships.	  	  
	  
3.5.3 Methodological	  Bias	  in	  Microbiome	  Surveys	  
	  A	  number	  of	  contradictory	  findings	  between	  our	  study	  and	  Ceja-­‐Navarro	  et	  al.	  (2014)	  
highlight	  the	  very	  real	  impact	  of	  methodological	  bias	  on	  16s	  rRNA	  based	  surveys	  of	  
bacterial	  community	  structure.	  Several	  factors	  could	  explain	  the	  divergent	  patterns	  of	  
alpha	  diversity	  and	  phylum-­‐level	  taxonomic	  composition	  observed	  between	  the	  two	  
studies.	  In	  particular,	  the	  use	  of	  chip-­‐based	  OTU	  detection	  employed	  by	  Ceja-­‐Navarro	  et	  al.	  
(2013)	  might	  explain	  why	  we	  observed	  much	  higher	  levels	  of	  alpha	  diversity	  in	  the	  AHG	  
and	  PHG.	  Because	  chip-­‐based	  methods	  require	  the	  hybridization	  of	  bacterial	  16S	  sequences	  
with	  DNA	  probes	  designed	  from	  previously	  characterized	  taxa	  to	  detect	  the	  presence	  of	  an	  
OTU,	  many	  of	  the	  O.	  disjunctus-­‐specific	  OTUs	  prevalent	  in	  these	  gut	  segments	  likely	  evaded	  
detection	  given	  their	  dissimilarity	  to	  bacterial	  sequences	  in	  NCBI.	  Additionally,	  chip-­‐based	  
methods	  are	  inherently	  biased	  by	  the	  set	  of	  probes	  chosen	  to	  detect	  taxa.	  Though	  we	  did	  
not	  formally	  test	  this	  hypothesis,	  the	  overrepresentation	  of	  Proteobacteria	  observed	  by	  
Ceja-­‐Navarro	  et	  al.	  (2013)	  may	  have	  something	  to	  do	  with	  the	  prevalence	  of	  these	  probes	  
relative	  to	  other	  phyla	  on	  the	  chip	  itself.	  Similarly,	  PCR	  primer	  affinity	  bias	  could	  have	  been	  
impacted	  either	  study.	  	  
	  
Though	  we	  cannot	  eliminate	  the	  possibility	  of	  systematic	  bias	  in	  our	  own	  study,	  there	  is	  
sufficient	  evidence	  to	  suggest	  the	  patterns	  of	  alpha	  diversity	  and	  community	  structure	  we	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observed	  are	  more	  reflective	  of	  real	  patterns	  than	  those	  observed	  by	  Ceja-­‐Navarro	  et	  al.	  
(2013).	  From	  a	  purely	  statistical	  standpoint,	  this	  is	  supported	  by	  the	  consistency	  of	  our	  
findings	  across	  95	  individuals	  sampled	  from	  across	  the	  natural	  range	  of	  O.	  disjunctus.	  By	  
contrast,	  Ceja-­‐Navarro	  et	  al.	  (2013)	  surveyed	  the	  gut	  segments	  of	  four	  individuals	  captured	  
from	  a	  single	  location.	  This	  claim	  is	  further	  strengthened	  by	  our	  strict	  adherence	  to	  best	  
practices	  in	  the	  analysis	  of	  community	  structure	  from	  16s	  rRNA	  data	  and	  the	  consistency	  of	  
these	  results	  across	  several	  sources	  of	  methodological	  bias	  (e.g	  OTU	  clustering,	  read	  
filtering,	  rarefaction).	  Further,	  our	  results	  are	  more	  consistent	  with	  existing	  knowledge	  of	  
gut	  bacterial	  communities.	  For	  example,	  though	  Proteobacteria	  are	  the	  dominant	  phylum	  in	  
most	  insect	  species,	  Colman	  et	  al.	  (2012)	  found	  xylophagous	  insect	  guts	  were	  consistently	  
dominated	  by	  Firmictues	  and	  Bacteroidetes.	  The	  higher	  levels	  of	  alpha	  diversity	  in	  the	  AHG	  
are	  also	  more	  consistent	  with	  biological	  expectations.	  In	  their	  own	  discussion	  of	  alpha	  
diversity,	  Ceja-­‐Navarro	  et	  al.	  (2013)	  themselves	  concede	  that	  because	  the	  anterior	  hindgut	  
is	  “highly	  morphologically	  differentiated,	  that	  would	  allow	  spatial	  separation,	  promoting	  a	  
higher	  diversity	  of	  niches,”	  they	  expected	  diversity	  to	  be	  highest	  in	  this	  gut	  segment.	  For	  
comparison,	  they	  cite	  the	  elevated	  levels	  of	  diversity	  found	  in	  the	  termite	  paunch—which	  is	  
most	  similar	  in	  structure	  and	  physiology	  to	  the	  anterior	  hindgut—relative	  to	  levels	  of	  
diversity	  found	  in	  the	  less	  differentiated	  gut	  segments.	  In	  light	  of	  this,	  we	  think	  it	  is	  
reasonable	  to	  suggest	  that	  our	  results	  accurately	  characterize	  true	  patterns	  of	  alpha	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3.5.4 Conclusion	  
By	  demonstrating	  both	  signatures	  of	  potential	  adaptation	  and	  neutral	  evolution	  in	  the	  gut	  
microbiome	  of	  O.	  disjunctus,	  our	  study	  demonstrates	  the	  broad	  spectrum	  of	  complex	  
interactions	  and	  processes	  that	  can	  influence	  hosts	  and	  their	  associated	  bacteria	  over	  
various	  timescales.	  Much	  like	  host	  genomes,	  our	  results	  suggest	  that	  the	  microbiome	  can	  be	  
shaped	  simultaneously	  by	  forces	  of	  selection	  and	  neutrality	  that	  have	  acted	  in	  the	  past,	  are	  
acting	  in	  the	  present,	  and	  will	  continue	  to	  act	  in	  the	  future.	  Moving	  forward,	  a	  more	  
complete	  integration	  of	  existing	  evolutionary	  theory	  within	  a	  community	  ecological	  
framework	  may	  allow	  us	  to	  better	  place	  the	  microbiome	  in	  the	  broader	  context	  of	  host	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4 Norwegian	  Wood:	  Exploring	  the	  Lignocellulolytic	  Potential	  of	  O.	  disjunctus	  Gut	  Bacteria	  
Using	  a	  Novel	  Metagenomic	  Technique	  	  	  
4.1 Abstract	  
Many	  insects	  rely	  on	  contributions	  from	  symbiotic	  gut	  bacteria	  in	  order	  to	  survive	  on	  
otherwise	  intractable	  food	  sources.	  Though	  several	  lines	  of	  indirect	  evidence	  suggest	  O.	  
disjunctus,	  a	  wood-­‐feeding	  beetle	  native	  to	  the	  eastern	  United	  States,	  relies	  on	  coevolved	  
microbes	  in	  order	  to	  digest	  its	  wood-­‐based	  diet,	  the	  functional	  roles	  played	  by	  these	  
bacteria	  are	  not	  well	  understood.	  To	  demonstrate	  the	  potential	  involvement	  of	  these	  
bacteria	  in	  lignocellulose	  degradation,	  we	  employed	  a	  novel	  metagenomic	  technique	  to	  
design	  a	  set	  of	  degenerate	  PCR	  primers	  targeting	  bacterial	  cellulases	  in	  O.	  disjunctus	  gut	  
extracts.	  The	  resulting	  amplicons	  were	  then	  cloned	  and	  sequenced.	  Analysis	  of	  116	  clones	  
revealed	  53	  putative	  cellulase	  genes	  from	  the	  glycoside	  hydrolase	  family	  3	  (GH3)	  and	  of	  
likely	  bacterial	  origin.	  Though	  sequences	  were	  most	  closely	  related	  to	  cellulase	  genes	  from	  
Bacteroidetes,	  Firmicutes,	  and	  Actinobacteria,	  the	  majority	  of	  sequences	  we	  identified	  were	  
completely	  novel	  as	  none	  shared	  more	  than	  83%	  amino	  acid	  identity	  to	  a	  cellulase	  gene	  in	  
existing	  databases.	  Though	  it	  is	  unclear	  whether	  the	  specificity	  of	  these	  cellulases	  to	  O.	  
disjunctus	  is	  the	  result	  of	  a	  long-­‐term	  symbiotic	  association,	  or	  the	  incompleteness	  of	  
existing	  sequence	  databases,	  our	  study	  presents	  the	  first	  direct	  evidence	  that	  bacteria	  in	  
the	  gut	  of	  O.	  disjunctus	  might	  aid	  the	  host	  by	  facilitating	  the	  breakdown	  of	  its	  recalcitrant	  
dietary	  substrate.	  Beyond	  the	  scope	  of	  O.	  disjunctus,	  the	  techniques	  successfully	  applied	  by	  
our	  study	  provide	  a	  generalizable	  framework	  for	  targeting	  novel	  function	  genes	  from	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4.2 Introduction	  
Symbiotic	  bacteria	  have	  profoundly	  influenced	  the	  evolution	  and	  ecology	  of	  many	  insect	  
species1–3.Though	  beneficial	  partnerships	  between	  bacteria	  and	  insects	  have	  been	  studied	  
for	  over	  half	  a	  century137,recent	  advances	  in	  sequencing	  technologies	  rapidly	  revealed	  the	  
potential	  for	  these	  bacteria	  to	  impact	  nearly	  all	  aspects	  of	  insect	  biology,	  including	  host	  
metabolism4,11,138,139,	  immunity13,	  and	  behavior7,140–142.	  Indeed,	  the	  biology	  of	  many	  insect	  
species	  cannot	  be	  understood	  apart	  from	  the	  symbiotic	  bacteria	  they	  harbor.	  	  
	  
Perhaps	  the	  best	  example	  of	  this,	  the	  diverse	  metabolic	  capabilities	  of	  bacteria	  have	  
allowed	  many	  insects	  to	  utilize	  otherwise	  intractable	  food	  sources.	  First	  observed	  in	  
Aphids137,	  many	  insects	  rely	  on	  stable	  partnerships	  with	  specialized	  gut	  bacteria	  able	  to	  
provide	  essential	  vitamins,	  amino	  acids41,	  lipids111,	  and	  inorganic	  nutrients	  (e.g.	  
Nitrogen)136,143	  lacking	  in	  the	  host’s	  diet.	  In	  many	  cases,	  these	  highly	  specialized	  bacterial	  
symbionts	  are	  host-­‐specific	  and	  highly	  conserved	  within	  the	  host	  lineage144,145.	  Due	  to	  the	  
specificity	  and	  stability	  of	  these	  associations,	  long-­‐term	  coevolution	  between	  hosts	  utilizing	  
nutrient-­‐limiting	  food	  sources	  and	  the	  bacterial	  symbionts	  conferring	  this	  ability	  is	  
believed	  to	  underlie	  their	  mutual	  dependence146,147.	  	  
	  
These	  coevolved	  partnerships	  appear	  to	  have	  played	  an	  especially	  important	  role	  in	  the	  
evolution	  of	  xylophagy	  (i.e.	  wood	  feeding)	  in	  many	  insect	  species43,148.	  Though	  plant	  cell	  
walls	  comprise	  one	  of	  the	  largest	  reservoirs	  of	  organic	  carbon	  on	  earth149,	  relatively	  few	  
insect	  species	  can	  utilize	  this	  cosmopolitan	  substrate	  as	  a	  source	  of	  energy	  due	  to	  the	  
recalcitrance	  and	  low	  nitrogen	  content	  of	  the	  cell	  wall	  polymers	  (cellulose,	  hemicellulose,	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and	  lignin)	  comprising	  wood	  tissue150.	  To	  overcome	  these	  metabolic	  barriers,	  many	  
xylophagous	  insects	  have	  evolved	  stable	  partnerships	  with	  one	  or	  more	  cellulolytic	  
microbes	  possessing	  the	  enzymatic	  machinery	  necessary	  to	  facilitate	  this	  process11,41;	  
termites	  are	  perhaps	  the	  best-­‐studied	  example111,151.	  Interestingly,	  because	  many	  of	  these	  
xylophagous	  hosts	  display	  some	  form	  of	  social	  behavior	  related	  to	  the	  transmission	  of	  
these	  symbionts,	  it	  is	  even	  thought	  that	  these	  associations	  may	  have	  played	  a	  fundamental	  
role	  in	  the	  evolution	  of	  sociality	  in	  some	  insects1,152.	  	  
	  
In	  the	  present	  study,	  we	  investigate	  the	  potential	  for	  symbiotic	  gut	  bacteria	  to	  provide	  a	  
similar	  benefit	  to	  O.	  disjunctus	  (Illiger)—a	  large	  (~30	  mm	  adult	  length)	  xylophagous	  beetle	  
found	  throughout	  the	  eastern	  United	  States	  and	  Canada.	  Like	  many	  beetles	  in	  the	  passalid	  
family	  (Coleoptera:	  Passalidae),	  O.	  disjunctus	  spends	  its	  entire	  life	  in	  the	  rotting	  logs	  that	  
also	  serve	  as	  its	  only	  food	  source.	  Upon	  colonizing	  a	  new	  log,	  adults	  create	  tunnels	  where	  
they	  will	  eventually	  mate,	  lay	  eggs,	  and	  raise	  larvae.	  Notable	  among	  beetles,	  the	  species	  
also	  lives	  in	  family	  units	  and	  displays	  subsocial	  behavior	  in	  the	  form	  of	  proctodeal	  
trophallaxis	  (transfer	  of	  fluids	  from	  anus-­‐to-­‐mouth),	  wherein	  adult	  beetles	  cover	  the	  walls	  
of	  tunnels	  bored	  into	  rotting	  logs	  with	  feces	  for	  larvae	  to	  consume47.	  	  
	  
Several	  lines	  of	  indirect	  evidence	  suggest	  O.	  disjunctus	  relies	  on	  specialized,	  potentially	  
coevolved	  gut	  microbes	  in	  order	  to	  survive	  on	  a	  diet	  of	  decaying	  wood.	  An	  early	  study	  by	  
Pearse	  et	  al.	  (1936)	  found	  that	  while	  adults	  could	  readily	  survive	  on	  sterilized	  wood,	  larvae	  
could	  not	  unless	  they	  had	  first	  been	  inoculated	  with	  adult	  feces.	  Similar	  to	  termites,	  this	  
finding	  suggests	  sociality	  may	  have	  evolved	  in	  O.	  disjunctus	  as	  a	  means	  to	  transmit	  species-­‐
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specific	  microbial	  symbionts	  necessary	  for	  digestion	  to	  offspring.	  Though	  subsequent	  
studies	  have	  revealed	  several	  gut	  microbes	  exhibiting	  the	  hallmarks	  of	  coevolution	  or	  long-­‐
term	  co-­‐association	  (i.e.	  universal	  conservation,	  species-­‐specificity)	  that	  would	  explain	  the	  
findings	  of	  Pearse	  et	  al.	  (1936)50,52,	  the	  functional	  roles	  of	  the	  symbiotic	  microbes	  that	  
appear	  to	  confer	  xylophagy	  to	  O.	  disjunctus	  remain	  largely	  unknown.	  While	  there	  is	  strong	  
evidence	  to	  suggest	  gut	  yeasts	  may	  be	  involved	  in	  xylose	  fermentation50	  and	  that	  gut	  
bacteria	  may	  be	  involved	  in	  nitrogen	  fixation49,	  the	  potentially	  critical	  role	  of	  gut	  bacteria	  in	  
cellulose	  degradation	  in	  this	  ecologically	  important	  host	  species	  remains	  entirely	  
unexplored.	  	  
	  
Here	  we	  present	  the	  first	  study	  aiming	  to	  demonstrate	  the	  potential	  role	  of	  O.	  disjunctus	  gut	  
bacteria	  in	  cellulose	  degradation.	  Additionally,	  we	  present	  a	  novel	  metagenomic	  technique	  
for	  targeting	  functional	  genes	  from	  previously	  uncharacterized	  hosts/environments.	  By	  
designing	  and	  utilizing	  a	  set	  of	  degenerate	  PCR	  primers	  targeting	  bacterial	  genes	  involved	  
in	  cellulose	  degradation,	  we	  amplified	  DNA	  fragments	  from	  the	  gut	  extracts	  of	  four	  O.	  
disjunctus	  specimens	  identical	  in	  size	  to	  previously	  characterized	  bacterial	  cellulases.	  By	  
cloning	  and	  sequencing	  the	  fragments	  from	  a	  single	  individual,	  analysis	  of	  the	  sequencing	  
data	  revealed	  53	  putative	  bacterial	  cellulase	  genes	  representing	  26	  distinct	  sequence	  types	  
(>97%	  identity)	  from	  three	  bacterial	  phyla	  in	  the	  O.	  disjunctus	  gut.	  As	  none	  shared	  more	  
than	  83%	  amino	  acid	  identity	  to	  cellulases	  in	  existing	  databases,	  the	  bacterial	  cellulases	  we	  
recovered	  from	  the	  gut	  of	  O.	  disjunctus	  appear	  to	  be	  unique	  to	  the	  species.	  Though	  this	  
novelty	  is	  consistent	  with	  a	  long-­‐term	  symbiotic	  partnership	  between	  cellulolytic	  bacteria	  
and	  O.	  disjunctus,	  it	  may	  also	  be	  explained	  by	  the	  incompleteness	  of	  existing	  cellulase	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databases.	  Though	  our	  study	  has	  admitted	  shortcomings—notably	  our	  small	  sample	  size	  
and	  the	  absence	  of	  functional	  profiling	  to	  demonstrate	  the	  cellulolytic	  activity	  of	  the	  genes	  
we	  isolated—our	  results	  still	  provide	  the	  first	  direct	  evidence	  that	  gut	  bacteria	  are	  
enzymatically	  capable	  of	  providing	  a	  benefit	  to	  O.	  disjunctus	  by	  degrading	  cellulose.	  
Additionally,	  the	  success	  of	  our	  novel	  method	  in	  recovering	  highly	  diverse	  functional	  genes	  
with	  no	  apparent	  homologs	  from	  a	  largely	  uncharacterized	  host/system	  suggests	  it	  may	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4.3 Methods	  
4.3.1 Targeted	  Metagenomic	  Survey	  of	  Bacterial	  Cellulases	  
We	  employed	  a	  novel	  metagenomic	  technique	  to	  identify	  bacterial	  genes	  involved	  in	  
cellulose	  digestion	  in	  the	  O.	  disjunctus	  gut.	  To	  provide	  sufficient	  context	  to	  understand	  the	  
novelty	  of	  our	  method,	  we	  briefly	  discuss	  the	  theoretical	  motivations	  undergirding	  
metagenomics	  and	  its	  current	  applications	  before	  discussing	  the	  inapplicability	  of	  existing	  
methods	  to	  experiments	  such	  as	  ours.	  Finally,	  we	  discuss	  how	  our	  novel	  strategy	  augments	  
these	  methods	  to	  explore	  the	  question	  of	  whether	  bacteria	  might	  be	  contributing	  to	  
cellulose	  degradation	  in	  O.	  disjunctus.	  	  
	  
4.3.1.1 The	  Metagenomics	  Paradigm	  
The	  term	  “metagenome”	  refers	  to	  the	  collective	  genetic	  content	  of	  an	  environmental	  
sample	  (e.g.	  soil,	  feces,	  gut	  extracts)—literally	  a	  genome	  of	  genomes153.	  Metagenomics—
the	  study	  of	  DNA	  recovered	  directly	  from	  environmental	  samples—is	  a	  recently	  developed	  
methodological	  paradigm	  that	  harnesses	  the	  power	  of	  Next	  Generation	  Sequencing	  
technologies	  (NGS)	  to	  provide	  a	  more	  holistic	  view	  of	  the	  organismal	  and	  functional	  
diversity	  in	  an	  environment	  than	  was	  previously	  possible	  using	  traditional	  microbiological	  
techniques.	  	  
	  
Prior	  to	  the	  advent	  of	  metagenomics,	  studying	  the	  structure	  (i.e.	  what	  bacteria	  are	  present	  
in	  an	  environment)	  and	  function	  (i.e.	  the	  processes	  in	  which	  bacteria	  are	  involved)	  of	  the	  
bacteria	  present	  in	  an	  environment	  required	  isolating	  bacteria	  in	  laboratory	  culture	  and	  
assaying	  them	  for	  various	  functional	  activities.	  A	  critical	  insight	  in	  the	  development	  of	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metagenomics,	  Handelsman	  et	  al.	  (1998)	  found	  that	  the	  vast	  majority	  of	  bacteria	  identified	  
by	  sequencing	  the	  ribosomal	  16S	  rRNA	  genes	  (a	  phylogenetic	  marker	  commonly	  used	  to	  
identify	  and	  classify	  bacterial	  species)	  of	  bacteria	  directly	  from	  environmental	  samples	  
were	  completely	  novel.	  In	  the	  same	  paper,	  the	  authors	  conservatively	  estimated	  that	  less	  
than	  1%	  of	  all	  bacteria	  could	  actually	  be	  grown	  in	  laboratory	  culture.	  In	  light	  of	  this	  finding,	  
direct	  sequencing	  from	  the	  environment	  (i.e.	  metagenomics)	  has	  rapidly	  superseded	  
traditional	  culturing	  techniques	  as	  the	  preferred	  method	  to	  explore	  the	  full	  taxonomic	  and	  
functional	  diversity	  of	  bacterial	  communities.	  
	  
The	  principles	  of	  systems	  biology	  provide	  an	  additional	  theoretical	  basis	  for	  the	  culture-­‐
independent	  study	  of	  bacterial	  communities.	  Summarized	  by	  the	  oft-­‐repeated	  mantra	  “the	  
whole	  is	  greater	  than	  the	  sum	  of	  its	  parts,”	  the	  central	  dogma	  of	  systems	  biology	  is	  that	  the	  
individual	  components	  (e.g.	  a	  single	  bacteria)	  comprising	  complex	  biological	  systems	  (e.g.	  a	  
bacterial	  community)	  cannot	  be	  understood	  outside	  the	  context	  of	  those	  systems154.	  
Because	  traditional	  culturing	  methods	  necessarily	  consider	  each	  individual	  species	  outside	  
the	  context	  of	  the	  full	  community,	  these	  techniques	  provide	  no	  means	  to	  observe	  the	  
emergent	  properties	  of	  the	  system	  as	  a	  whole.	  By	  contrast,	  metagenomic	  techniques	  
provide	  a	  direct	  “snapshot”	  of	  the	  community	  exactly	  as	  it	  exists	  in	  the	  environment.	  As	  a	  
collective	  result	  of	  this	  growing	  interest	  in	  the	  systems	  biology	  paradigm	  and	  the	  findings	  
of	  Handelsman	  et	  al.	  (1998),	  the	  field	  of	  microbial	  ecology	  has	  rapidly	  shifted	  away	  from	  
traditional	  culturing	  techniques	  in	  favor	  of	  the	  more	  holistic,	  complete	  picture	  of	  microbial	  
diversity	  provided	  by	  metagenomics.	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Figure	  34	  Metagenomics	  workflow.	  Total	  DNA	  extracted	  from	  an	  environmental	  sample	  is	  the	  common	  starting	  
point	  of	  metagenomics	  applications.	  Full	  metagenomic	  surveys	  usually	  answer	  questions	  of	  metabolic	  potential	  
(i.e.	  “what	  are	  they	  doing?”)	  while	  marker-­‐based	  surveys	  answer	  questions	  of	  taxonomic	  composition	  (i.e.	  “who	  is	  
there	  and	  at	  what	  level?”).	  Figure	  adapted	  from	  http://www.slideshare.net/djudge/functional-­‐metagenome-­‐
analysis-­‐using-­‐gene-­‐ontology-­‐megan-­‐4-­‐1685987.	  	  
Since	  Handelsman	  et	  al.	  (1998),	  the	  field	  of	  metagenomics	  has	  rapidly	  expanded	  and	  
diversified.	  Currently,	  metagenomic	  techniques	  are	  applied	  to	  answer	  two	  very	  different	  
questions	  (Figure	  34):	  who	  is	  there,	  and	  what	  are	  they	  doing?	  Targeted	  metagenomic	  
surveys,	  which	  sequence	  only	  a	  specific	  gene	  target	  from	  the	  genomes	  present	  in	  an	  
environmental	  sample	  (e.g.	  Bartram,	  Lynch,	  Stearns,	  Moreno-­‐Hagelsieb,	  &	  Neufeld,	  2011)	  ,	  
have	  become	  the	  preferred	  method	  for	  species	  identification	  (i.e.	  who’s	  there?).	  To	  
accomplish	  this,	  polymerase	  chain	  reaction	  (PCR)	  is	  first	  used	  to	  amplify	  phylogenetic	  
markers	  (e.g.	  16S	  rRNA)	  from	  the	  full	  metagenome	  that	  can	  be	  used	  to	  discriminate	  
between	  the	  different	  types	  or	  species	  of	  bacteria	  present.	  Amplicons	  are	  then	  isolated	  and	  
sequenced	  directly,	  providing	  an	  in-­‐depth	  characterization	  of	  the	  diversity	  and	  distribution	  
(i.e.	  how	  many	  of	  each	  type)	  of	  bacteria	  present	  in	  a	  sample.	  Though	  targeted	  surveys	  can	  
easily	  be	  scaled	  to	  characterize	  a	  specific	  gene	  in	  large	  number	  of	  individuals,	  they	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generally	  cannot	  be	  used	  to	  explore	  more	  complex	  functional	  processes	  (e.g.	  digestion)	  and	  
require	  significant	  prior	  knowledge	  of	  the	  system	  in	  order	  to	  design	  PCR	  primers	  for	  
specific	  gene	  targets	  (e.g.	  Pereyra,	  Hiibel,	  Prieto	  Riquelme,	  Reardon,	  &	  Pruden,	  2010).	  	  
	  
By	  contrast,	  full	  metagenomic	  surveys,	  which	  sequence	  the	  entire	  genetic	  content	  of	  an	  
environmental	  sample	  (e.g.	  Fierer	  et	  al.,	  2012),	  are	  the	  preferred	  method	  to	  explore	  the	  
functional	  potential	  of	  communities	  (i.e.	  what	  are	  they	  doing?).	  First,	  a	  sequencing	  library	  is	  
created	  directly	  from	  environmental	  DNA	  and	  the	  resulting	  library	  sequenced	  on	  a	  desired	  
sequencing	  platform.	  The	  resulting	  reads	  (i.e.	  small	  fragments	  of	  DNA	  produced	  by	  
sequencing	  platforms,	  typically	  <200	  bp)	  are	  then	  assembled	  (i.e.	  pieced	  together	  to	  form	  
larger	  fragments),	  with	  the	  end	  goal	  being	  the	  full	  reconstruction	  of	  each	  genome	  present	  
in	  the	  environmental	  sample.	  Downstream	  processes	  such	  as	  gene	  calling,	  annotation,	  and	  
pathway	  analysis	  are	  then	  used	  to	  determine	  what	  genes	  are	  present	  in	  the	  environment	  
and	  the	  functional	  processes	  in	  which	  these	  genes	  might	  be	  involved.	  Though	  full	  
metagenomic	  surveys	  can	  be	  used	  to	  explore	  the	  ongoing	  functional	  process	  in	  an	  
environmental	  sample	  with	  no	  prior	  knowledge	  of	  the	  system,	  they	  do	  not	  scale	  well	  to	  
more	  than	  a	  few	  environmental	  samples	  due	  to	  the	  difficulty	  of	  generating,	  curating,	  
assembling,	  annotating,	  and	  analyzing	  the	  tremendous	  amounts	  of	  sequencing	  data	  they	  
require.	  
	  
4.3.1.2 Challenges	  in	  the	  Current	  Study	  
The	  primary	  goal	  of	  our	  study—identifying	  bacterial	  cellulases	  in	  the	  gut	  of	  O.	  disjunctus—
presents	  a	  problem	  to	  these	  existing	  metagenomic	  strategies.	  Though	  full	  metagenomic	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surveys	  have	  been	  used	  to	  answer	  similar	  questions	  in	  other	  species	  (e.g.	  Warnecke	  et	  al.,	  
2007),	  metagenome	  assembly—especially	  in	  the	  absence	  of	  a	  reference	  host	  genome—is	  
an	  outstanding	  problem	  in	  the	  field159.	  Because	  host	  DNA	  often	  represents	  the	  vast	  
majority	  of	  the	  genetic	  material	  present	  in	  a	  sample,	  host	  reference	  genomes	  provide	  a	  way	  
to	  filter	  this	  unwanted	  DNA	  and	  reduce	  the	  complexity	  of	  the	  assembly	  process.	  Further,	  
because	  the	  genetic	  material	  isolated	  from	  the	  gut	  of	  O.	  disjunctus	  ostensibly	  contains	  a	  
complex	  mixture	  of	  DNA	  from	  O.	  disjunctus,	  bacteria,	  yeasts,	  and	  possibly	  even	  trees,	  even	  if	  
cellulases	  were	  identified	  it	  would	  be	  difficult	  to	  determine	  whether	  they	  were	  of	  bacterial	  
origin.	  Additionally,	  though	  full	  metagenomic	  surveys	  are	  appropriate	  when	  the	  
experimental	  objective	  is	  to	  explore	  the	  full	  functional	  potential	  of	  a	  community,	  they	  are	  
labor	  and	  cost	  intensive—perhaps	  prohibitively	  so	  when	  the	  experimental	  objective	  is	  a	  
straightforward	  hypothesis	  test	  for	  a	  specific	  function.	  
	  
Though	  a	  targeted	  metagenomic	  survey	  seems	  at	  first	  more	  suitable	  to	  our	  experimental	  
objective,	  the	  tremendous	  diversity	  of	  the	  enzymes	  (i.e.	  cellulases)	  catalyzing	  the	  
breakdown	  of	  cellulose	  (i.e.	  cellulolysis)	  make	  them	  very	  poor	  markers	  toward	  this	  end.	  
Because	  targeted	  metagenomic	  surveys	  utilize	  PCR	  to	  first	  amplify	  marker	  genes	  from	  the	  
full	  metagenome,	  marker	  genes	  must	  contain	  at	  least	  two	  highly	  conserved,	  homologous	  
stretches	  of	  DNA	  shared	  among	  multiple	  species	  for	  PCR	  annealing.	  To	  understand	  the	  
absurdity	  of	  this	  pre-­‐condition	  as	  it	  relates	  our	  experimental	  objective,	  we	  briefly	  discuss	  
the	  characteristics	  of	  the	  enzymes	  catalyzing	  this	  process.	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Unlike	  other	  marker	  genes	  targeted	  by	  metagenomic	  surveys	  (e.g.	  16S	  rRNA),	  there	  is	  no	  
single	  “cellulase”	  gene	  among	  cellulolytic	  bacteria.	  To	  the	  contrary,	  the	  catabolism	  of	  
cellulose—a	  polymer	  composed	  of	  β-­‐1,4	  linked	  glucose	  monomers—into	  its	  more	  readily	  
fermentable	  subunits	  is	  a	  complex	  process	  accomplished	  through	  the	  concerted	  action	  of	  
an	  incredibly	  diverse	  set	  of	  enzymes	  catalyzing	  any	  one	  of	  the	  numerous	  steps	  involved.	  
Broadly,	  cellulases	  are	  grouped	  into	  three	  distinct	  types	  based	  on	  mode	  of	  catalytic	  action:	  
(illustrated	  in	  Figure	  35):	  endoglucanases,	  exoglucanases,	  and	  β-­‐glucosidases.	  
Endoglucanases	  randomly	  cleave	  internal	  β-­‐1,4	  glycosidic	  linkages,	  while	  exoglucanases	  
cleave	  β-­‐1,4	  glycosidic	  linkages	  from	  the	  ends	  of	  cellulase	  polymers,	  resulting	  in	  small	  (2-­‐4	  
glucose	  monomers)	  polysaccharides.	  β-­‐glucosidases	  hydrolyze	  exoglucanase	  products	  by	  
converting	  the	  resulting	  2-­‐4	  unit	  polysaccharides	  into	  individual	  glucose	  monomers160,161.	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Figure	  35	  Mechanisms	  of	  cellulolytic	  activity	  (Adapted	  from	  Watanabe	  et	  al.,	  2010).	  Excoglucanases	  cleave	  2-­‐4	  unit	  
polysaccharides	  from	  either	  end	  of	  cellulose	  polymer.	  Endoglucanases	  cleave	  internal	  bonds.	  β-­‐glucosidases	  
hydrolyze	  smaller	  (2-­‐4	  unit)	  polysaccharides	  into	  glucose	  monomers.	  The	  catabolism	  of	  cellulose	  into	  readily	  
fermentable	  glucose	  monomers	  is	  accomplished	  through	  the	  concerted	  action	  of	  all	  three	  cellulase	  types.	  
The	  tremendous	  primary	  structural	  (i.e.	  amino	  acid	  sequence)	  diversity	  among	  cellulases	  
precludes	  the	  possibility	  that	  a	  single	  PCR	  primer	  set	  could	  broadly	  target	  even	  one	  of	  these	  
tree	  types.	  To	  make	  sense	  of	  this	  diversity,	  cellulases	  have	  been	  placed	  into	  families	  on	  the	  
basis	  of	  shared	  evolutionary	  history	  as	  part	  of	  a	  larger	  group	  of	  carbohydrolases	  termed	  
glycoside	  hydrolases	  (GH)162,163.	  Comprising	  over	  100	  GH	  families	  from	  over	  4,500	  species	  
across	  all	  branches	  on	  the	  Tree	  of	  Life,	  it	  becomes	  clear	  that	  the	  term	  “cellulase”	  is	  merely	  a	  
catchall	  for	  an	  enormously	  diverse	  group	  of	  enzymes	  necessarily	  sharing	  only	  the	  
characteristic	  that	  they	  catalyze	  one	  of	  the	  reactions	  involved	  in	  the	  breakdown	  of	  
cellulose.	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Indeed,	  their	  diversity	  largely	  precludes	  the	  possibility	  that	  a	  single	  PCR	  primer	  set	  could	  
broadly	  target	  cellulases	  even	  within	  a	  single	  GH	  family.	  Though	  GH	  families	  are	  grouped	  
on	  the	  basis	  of	  shared	  evolutionary	  history,	  the	  root	  of	  this	  evolutionary	  history	  may	  be	  
deep;	  many	  families	  exhibit	  considerable	  sequence	  divergence	  and	  often	  even	  contain	  
enzymes	  targeting	  different	  substrates164.	  Another	  complicating	  factor	  may	  be	  the	  role	  of	  
gene	  shuffling	  in	  the	  evolution	  of	  cellulase	  enzymes.	  As	  with	  many	  complex,	  modular	  
proteins,	  the	  evolution	  of	  cellulases	  is	  often	  driven	  not	  by	  the	  accumulation	  of	  mutations	  
but	  rather	  by	  the	  shuffling	  of	  conserved	  functional	  domains165.	  As	  a	  result,	  though	  
cellulases	  within	  the	  same	  GH	  family	  may	  share	  conserved	  amino	  acid	  domains,	  there	  is	  no	  
guarantee	  these	  domains	  always	  appear	  in	  the	  same	  order	  and	  thus	  no	  guarantee	  these	  
genes	  can	  be	  amplified	  by	  the	  same	  PCR	  primers.	  	  
	  
Further,	  even	  if	  we	  could	  target	  cellulases	  within	  a	  single	  GH	  family,	  choosing	  which	  GH	  
family	  to	  target	  presents	  its	  own	  challenges.	  As	  recent	  survey	  by	  Berlemont	  et	  al.	  (2013)	  
found	  both	  that	  bacterial	  species	  often	  encode	  cellulases	  from	  multiple	  GH	  families	  and	  that	  
multiple	  bacterial	  phyla	  can	  encode	  cellulases	  from	  the	  same	  GH	  family.	  Not	  surprisingly,	  
recent	  metagenomic	  studies	  have	  demonstrated	  that	  cellulolysis	  can	  be	  accomplished	  in	  a	  
number	  of	  different	  ways	  by	  enzymes	  from	  a	  number	  of	  different	  GH	  families158,166.	  With	  
limited	  prior	  knowledge	  of	  the	  GH	  families,	  methods	  of	  action,	  and	  bacteria	  potentially	  
facilitating	  cellulolysis	  in	  O.	  disjunctus,	  the	  challenge	  of	  using	  a	  targeted	  survey	  to	  identify	  
bacterial	  cellulases	  in	  the	  gut	  of	  O.	  disjunctus	  becomes	  immediately	  clear.	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4.3.1.3 A	  Novel	  Metagenomic	  Technique	  
To	  circumvent	  these	  challenges,	  we	  employed	  a	  novel	  metagenomic	  strategy	  that	  combines	  
the	  exploratory	  power	  of	  full	  metagenomic	  surveys	  with	  the	  scalability	  of	  targeted	  
metagenomic	  surveys	  to	  determine	  whether	  O.	  disjunctus	  gut	  bacteria	  might	  be	  involved	  in	  
cellulose	  degradation.	  By	  leveraging	  phylogenetic	  principles	  and	  our	  prior	  knowledge	  of	  O.	  
disjunctus	  gut	  bacteria,	  our	  method	  effectively	  maximizes	  the	  probability	  of	  observing	  
bacterial	  cellulase	  genes	  we	  haven’t	  actually	  seen	  before	  in	  a	  cost-­‐effective	  way	  that	  can	  be	  
scaled	  to	  consider	  a	  large	  number	  of	  individuals.	  	  	  
	  
We	  first	  present	  a	  broad	  overview	  of	  the	  method	  before	  discussing	  each	  step	  in	  greater	  
detail	  in	  later	  sections.	  To	  identify	  a	  set	  of	  bacterial	  cellulases	  that	  might	  be	  similar	  to	  those	  
in	  the	  O.	  disjunctus	  gut,	  we	  first	  used	  the	  CAZy167	  enzyme	  database	  (http://www.cazy.org/),	  an	  
online	  database	  containing	  information	  related	  to	  over	  260,000	  glycoside	  hydrolase	  genes	  
from	  nearly	  5,000	  species,	  and	  a	  16S	  survey	  of	  O.	  disjunctus	  gut	  bacteria	  previously	  
published	  by	  Ceja-­‐Navarro	  et	  al.	  (2013)	  to	  simulate	  the	  O.	  disjunctus	  metagenome	  in	  silico	  
by	  identifying	  closely	  related	  cellulolytic	  bacterial	  genomes.	  We	  then	  used	  hidden	  Markov	  
models	  from	  the	  Protein	  Families	  database168	  (Pfam)	  to	  identify	  enzymes	  present	  in	  our	  
simulated	  metagenome	  belonging	  to	  GH	  families	  containing	  cellulases.	  We	  then	  designed	  
PCR	  primers	  targeting	  the	  most	  highly	  conserved	  amino	  acid	  motifs	  among	  these	  GH	  
enzymes	  under	  the	  assumption	  that	  these	  domains	  were	  the	  least	  likely	  to	  have	  undergone	  
significant	  evolutionary	  change.	  The	  resulting	  set	  of	  PCR	  primers	  could	  then	  be	  used	  to	  
recover	  cellulases	  directly	  from	  DNA	  isolated	  from	  the	  O.	  disjunctus	  gut.	  By	  cloning	  and	  
sequencing	  these	  fragments,	  our	  method	  provides	  a	  direct	  way	  to	  demonstrate	  the	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enzymatic	  potential	  of	  O.	  disjunctus	  gut	  bacteria	  to	  degrade	  the	  cellulose	  polymers	  largely	  
comprising	  the	  host’s	  diet.	  	  	  	  
	  
4.3.2 Sample	  Collection	  
Four	  O.	  disjunctus	  specimens	  were	  collected	  from	  separate	  Quercus	  (Oak)	  logs	  at	  Dejarnette	  
and	  Carter	  parks	  in	  Ashland,	  Virginia,	  USA.	  Prior	  to	  dissection,	  samples	  were	  stored	  alive	  
with	  wood	  pieces	  and	  detritus	  collected	  from	  the	  immediate	  sampling	  location.	  To	  reduce	  
suffering	  during	  euthanasia,	  beetles	  were	  kept	  alive	  overnight	  at	  0°C,	  effectively	  rendering	  
them	  unconscious	  by	  inducing	  a	  state	  of	  suspended	  animation	  (similar	  to	  hibernation).	  	  	  
	  
4.3.3 Beetle	  Dissection	  
To	  minimize	  the	  impact	  of	  captivity	  on	  the	  gut	  environment,	  beetles	  were	  euthanized	  and	  
dissected	  the	  following	  day.	  Beetles	  were	  euthanized	  and	  surface	  sterilized	  by	  immersion	  
in	  100%	  ethanol	  for	  2	  min.	  Individual	  beetles	  were	  dissected	  by	  first	  removing	  the	  head	  
and	  thorax	  from	  the	  abdomen	  by	  a	  flame-­‐sterilized	  scalpel.	  The	  carapace	  and	  wings	  were	  
then	  removed	  to	  expose	  the	  membranous	  dorsal	  side.	  Flame-­‐sterilized	  dissection	  scissors	  
were	  used	  to	  make	  a	  single	  cut	  along	  the	  hemisphere	  of	  the	  membrane,	  allowing	  the	  
removal	  of	  the	  entire	  gut.	  Guts	  were	  then	  stretched	  out	  completely	  and	  washed	  in	  sterile	  
phosphate-­‐buffered	  saline	  to	  remove	  external	  bacterial	  contaminants.	  Using	  a	  flame-­‐
sterilized	  scalpel,	  cleaned	  guts	  were	  cut	  into	  three	  gut	  segments:	  the	  midgut	  (MG),	  
posterior	  hindgut	  (PHG),	  and	  anterior	  hindgut	  (AHG)(Figure 19).	  The	  AHG	  of	  each	  beetle	  
was	  separately	  placed	  in	  1ml	  of	  RNALater	  (Qiagen,	  Valencia,	  CA,	  US)	  and	  stored	  at	  -­‐20°C	  in	  
autoclaved	  1.5	  ml	  microcentrifuge	  tubes	  until	  DNA	  extraction.	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Figure	  36	  Anatomy	  Of	  O.	  disjunctus	  Gut	  Segments	  (Adapted	  from	  Ceja-­‐Navarro	  et	  al.,	  2013).	  Communities	  were	  
surveyed	  from	  the	  midgut,	  anterior	  hindgut,	  and	  posterior	  hindgut	  segments	  of	  each	  beetle.	  	  
4.3.3.1 DNA	  Extraction	  
Total	  DNA	  was	  extracted	  from	  dissected	  gut	  segments	  according	  to	  the	  manufacturers	  
instructions	  using	  the	  DNEasy	  Blood	  and	  Tissue	  kit	  (Qiagen).	  	  
4.3.4 PCR	  Primer	  Design	  
4.3.4.1 In	  silico	  Metagenome	  Creation	  
To	  simulate	  the	  O.	  disjunctus	  gut	  bacterial	  metagenome	  in	  silico,	  we	  first	  determined	  the	  set	  
of	  bacteria	  present	  in	  the	  O.	  disjunctus	  gut	  using	  data	  from	  a	  16S	  rRNA	  targeted	  
metagenomic	  survey	  previously	  published	  by	  Ceja-­‐Navarro	  et	  al.	  (2013)	  (EBI	  accession:	  
ERP003515).	  OTUs	  were	  determined	  from	  raw	  sequencing	  reads	  using	  the	  program	  
MOTHUR118	  v1.35.1	  (www.mothur.org)	  following	  the	  454	  best	  practices	  workflow.	  Initial	  
sequence	  filtering	  was	  performed	  as	  described	  in	  Minoche	  et	  al.	  (2011):	  reads	  with	  
ambiguous	  bases	  were	  discarded,	  reads	  with	  more	  than	  33%	  low	  quality	  bases	  (Q	  <	  17)	  in	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the	  first	  half	  of	  the	  sequence	  were	  discarded,	  and	  a	  sliding	  window	  of	  size	  5	  was	  used	  to	  
trim	  the	  remaining	  reads	  at	  the	  3’	  end	  when	  the	  average	  quality	  score	  of	  the	  window	  fell	  
below	  17.	  Reads	  were	  then	  aligned	  to	  the	  SILVA119	  bacterial	  16S	  rRNA	  multiple	  sequence	  
alignment	  (release	  108)	  and	  clustered	  at	  the	  generally	  accepted	  species-­‐level	  threshold	  of	  
97%	  identity	  using	  average	  linkage	  clustering.	  	  
	  
We	  then	  used	  BLAST126	  to	  select	  bacterial	  genomes	  from	  the	  CAZy	  bacterial	  genomes	  
database	  that	  were	  closely	  related	  to	  the	  OTUs	  we	  identified	  in	  the	  O.	  disjunctus	  gut.	  
Notably,	  the	  CAZy	  genomes	  database	  includes	  only	  bacteria	  with	  both	  experimentally	  
demonstrated	  carbohydrolytic	  activity	  and	  fully	  sequenced	  genomes.	  CAZy	  bacterial	  
genomes	  were	  first	  downloaded	  from	  the	  NCBI	  genome	  database169	  using	  GenBank170	  
accession	  numbers	  and	  converted	  to	  a	  BLAST-­‐formatted	  database.	  Representative	  reads	  
from	  OTUs	  were	  then	  queried	  against	  the	  CAZy	  genomes	  database	  using	  BLASTN	  (default	  
settings).	  All	  CAZy	  bacterial	  genomes	  containing	  a	  16S	  gene	  that	  aligned	  with	  >90%	  
identity	  and	  that	  covered	  over	  95%	  of	  the	  query	  sequence	  were	  considered	  for	  further	  
analysis.	  Finally,	  Full	  proteomes	  for	  each	  of	  these	  bacteria	  were	  also	  downloaded	  from	  
NCBI	  for	  use	  in	  later	  steps.	  	  
	  
4.3.4.2 Identification	  of	  Carbohydrolytic	  Enzymes	  in	  Simulated	  Metagenome	  
To	  reduce	  the	  number	  of	  GH	  families	  considered,	  a	  cross-­‐species	  comparison	  of	  
transcriptomes	  from	  symbiont-­‐driven	  cellulolytic	  gut	  communities	  published	  by	  He	  et	  al.	  
(2013)	  was	  used	  to	  identify	  GH	  families	  containing	  cellulases	  that	  were	  highly	  expressed	  
among	  cellulolytic	  hosts.	  A	  GH	  family	  was	  considered	  “highly	  expressed”	  if	  its	  mean	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expression	  level	  across	  all	  taxa	  considered	  in	  the	  study	  was	  significantly	  higher	  (t-­‐test;	  p	  <	  
0.05)	  than	  the	  mean	  expression	  level	  for	  all	  GH	  families.	  When	  all	  taxa	  were	  considered	  
(wood-­‐feeding	  and	  grass-­‐feeding),	  expression	  was	  observed	  to	  be	  consistently	  highest	  in	  
GH	  families	  1,	  2,	  3,	  5,	  9,	  10,	  43,	  51,	  and	  78.	  Because	  O.	  disjunctus	  is	  a	  wood-­‐feeder	  and	  
because	  GH	  families	  1,	  51,	  and	  78	  were	  not	  highly	  expressed	  among	  the	  wood-­‐feeders	  in	  
the	  study,	  we	  chose	  to	  target	  cellulases	  from	  GH	  families	  most	  highly	  expressed	  among	  
other	  wood-­‐feeders:	  2,	  3,	  5,	  8,	  9,	  10,	  42,	  and	  43.	  	  
	  
Hidden	  Markov	  Models	  (HMM)	  were	  then	  used	  to	  identify	  genes	  belonging	  to	  these	  GH	  
families	  in	  the	  simulated	  metagenome	  (Figure 37).	  Proteins	  belonging	  to	  targeted	  GH	  
families	  were	  identified	  using	  HMMER	  v3.1	  (http://hmmer.org)	  hmmsearch	  with	  Pfam	  
HMMs.	  As	  in	  Warnecke	  et	  al.	  (2011),	  an	  e-­‐value	  cutoff	  of	  10-­‐4	  was	  used	  to	  determine	  
whether	  a	  protein	  belonged	  to	  one	  of	  the	  GH	  families	  of	  interest.	  Because	  many	  gene	  
targets	  could	  be	  assigned	  to	  multiple	  GH	  families,	  gene	  targets	  were	  assigned	  to	  the	  GH	  
family	  with	  the	  lowest	  e-­‐value.	  	  	  
 
Figure	  37	  Selecting	  GH	  Proteins	  From	  Closely	  Related	  CAZy	  genomes.	  The	  full	  proteome	  of	  each	  closely	  related	  
CAZy	  genome	  was	  downloaded	  from	  NCBI.	  Hidden	  Markov	  models	  (PFam)	  of	  GH	  family	  proteins	  were	  used	  to	  
identify	  proteins	  belonging	  to	  targeted	  GH	  families	  (HMMER).	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4.3.4.3 Identification	  Of	  Conserved	  Amino	  Acid	  Motifs	  
A	  custom	  approach	  was	  used	  to	  identify	  broadly	  conserved	  amino	  acid	  motifs	  suitable	  for	  
primer	  design	  among	  these	  gene	  targets.	  To	  reduce	  the	  search	  space,	  this	  process	  was	  
performed	  separately	  for	  each	  GH	  family.	  	  
	  
A	  clustering	  algorithm	  implemented	  in	  the	  Python	  programming	  language	  (Python	  
Software	  Foundation.	  Python	  Language	  Reference,	  v2.7.8,	  http://python.org)	  was	  first	  used	  
to	  create	  a	  tree	  structure	  describing	  the	  relationships	  among	  sequences	  from	  a	  pairwise	  
similarity	  matrix.	  Pairwise	  similarities	  were	  computed	  using	  a	  reciprocal	  BLASTP	  
approach,	  where	  the	  similarity	  between	  any	  two	  sequences	  was	  taken	  to	  be	  the	  bit	  score	  of	  
the	  best	  alignment	  between	  them.	  The	  resulting	  distance	  matrix	  was	  used	  to	  cluster	  
sequences	  using	  a	  custom	  implementation	  of	  average	  linkage	  hierarchical	  agglomerative	  
clustering.	  The	  resulting	  tree	  structure	  was	  represented	  programmatically	  as	  a	  set	  of	  linked	  
nodes.	  To	  facilitate	  heuristic	  tree-­‐traversal	  in	  later	  steps,	  a	  recursive	  depth-­‐first	  search	  was	  
then	  performed	  to	  annotate	  each	  non-­‐terminal	  node	  in	  the	  tree	  with	  the	  list	  of	  sequences	  
contained	  within	  its	  sub-­‐tree	  and	  the	  average	  pairwise	  similarity	  among	  those	  sequences.	  	  	  
	  
Broadly	  conserved	  amino	  acid	  motifs	  suitable	  for	  primer	  design	  (>5	  amino	  acids	  in	  length)	  
were	  then	  identified	  by	  traversing	  the	  resulting	  tree	  structure	  using	  a	  variant	  of	  breadth-­‐
first	  search.	  Breadth-­‐first	  search	  is	  a	  tree-­‐searching	  strategy	  that	  begins	  at	  the	  root	  node	  
and	  visits	  each	  node	  in	  the	  tree	  by	  visiting	  all	  internal	  nodes	  at	  a	  given	  level	  of	  tree	  
hierarchy	  before	  moving	  to	  the	  child	  nodes	  of	  these	  nodes.	  This	  strategy	  effectively	  allows	  
us	  to	  search	  for	  amino	  acid	  motifs	  conserved	  across	  the	  largest	  possible	  sets	  of	  sequences	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before	  considering	  increasingly	  smaller	  subsets.	  Visual	  inspection	  was	  used	  to	  identify	  
conserved	  amino	  acid	  sequences	  within	  a	  sub-­‐tree	  by	  creating	  a	  multiple	  sequence	  
alignment	  (MSA)	  of	  the	  sequences	  contained	  within	  a	  sub-­‐tree	  using	  CLUSTALW171.	  	  
	  
To	  increase	  the	  efficiency	  of	  this	  process,	  we	  used	  the	  number	  of	  sequences	  and	  the	  
average	  pairwise	  alignment	  bit	  score	  within	  a	  sub-­‐tree	  as	  heuristics	  to	  determine	  if	  an	  MSA	  
should	  be	  created	  for	  a	  given	  sub-­‐tree.	  This	  drastically	  increased	  the	  efficiency	  of	  tree-­‐
traversal	  by	  eliminating	  the	  need	  to	  create	  MSAs	  for	  (i)	  large	  sets	  of	  dissimilar	  sequences	  
that	  almost	  certainly	  contained	  no	  universally	  conserved	  amino	  acid	  motifs	  and	  (ii)	  small	  
sets	  of	  sequences	  that	  wouldn’t	  be	  useful	  in	  identifying	  broadly	  conserved	  motifs.	  When	  a	  
node’s	  sub-­‐tree	  contained	  a	  sufficient	  number	  of	  sequences	  that	  were	  sufficiently	  similar	  to	  
each	  other,	  an	  MSA	  was	  computed	  from	  the	  sequences	  contained	  within	  its	  sub-­‐tree	  and	  
visually	  inspected	  for	  conserved	  amino	  acid	  motifs.	  When	  a	  sub-­‐tree	  contained	  at	  least	  two	  
highly	  conserved	  motifs	  suitable	  for	  primer	  design	  (>	  5	  amino	  acids	  in	  length,	  more	  than	  
200bp	  apart	  from	  each	  other),	  the	  motifs	  were	  saved	  for	  further	  consideration.	  All	  nodes	  
visited	  were	  marked	  as	  such	  to	  prevent	  redundant	  tree	  searching.	  This	  process	  continued	  
in	  an	  iterative	  manner	  until	  all	  sub-­‐trees	  had	  been	  visited.	  	  
	  
Because	  the	  set	  of	  motifs	  identified	  by	  this	  process	  was	  largely	  dependent	  upon	  the	  
thresholds	  used	  to	  determine	  when	  an	  MSA	  should	  be	  created,	  this	  process	  was	  repeated	  
several	  times	  over	  using	  a	  range	  of	  different	  criteria.	  Across	  all	  iterations,	  the	  minimum	  
number	  of	  sequences	  necessary	  to	  create	  an	  MSA	  varied	  from	  25	  to	  500,	  while	  the	  
minimum	  average	  pairwise	  bit	  score	  ranged	  from	  200	  to	  800.	  By	  exploring	  the	  full	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parameter	  space	  of	  these	  values,	  we	  were	  able	  to	  identify	  the	  most	  broadly	  conserved	  
motifs	  within	  each	  GH	  family	  that	  could	  be	  used	  for	  PCR	  primer	  design.	  	  
	  
4.3.4.4 Primer	  Design	  
Initial	  filtering	  eliminated	  motifs	  conserved	  among	  non-­‐cellulases	  or	  that	  couldn’t	  be	  used	  
for	  PCR	  primer	  design.	  To	  determine	  whether	  a	  motif	  was	  only	  conserved	  among	  cellulases,	  
we	  first	  identified	  the	  set	  of	  sequences	  containing	  that	  motif.	  Motifs	  were	  then	  eliminated	  if	  
manual	  inspection	  revealed	  the	  presence	  of	  sequences	  annotated	  as	  enzymes	  targeting	  
something	  other	  than	  cellulose	  or	  the	  by-­‐products	  of	  its	  catabolism.	  To	  determine	  whether	  
a	  motif	  was	  suitable	  for	  PCR	  primer	  design,	  the	  MOTIF	  algorithm172	  implemented	  in	  
BlockMaker173	  was	  used	  to	  determine	  whether	  sequences	  contained	  a	  second	  motif	  that	  
could	  be	  used	  to	  facilitate	  PCR	  amplification.	  Motifs	  were	  eliminated	  if	  none	  of	  the	  
secondary	  motifs	  identified	  by	  the	  MOTIF	  algorithm	  were	  conserved	  in	  >15%	  of	  these	  
sequences.	  	  
	  
A	  set	  of	  viable	  primer	  pairs	  was	  then	  determined	  by	  considering	  all	  possible	  
forward/reverse	  primer	  combinations	  among	  these	  motifs.	  For	  reach	  forward/reverse	  
primer	  combination,	  the	  success	  of	  PCR	  amplification	  was	  determined	  by	  simulating	  PCR	  
on	  the	  full	  set	  of	  CAZy	  sequences.	  A	  primer	  combination	  was	  deemed	  successful	  if	  the	  
minimum	  amplicon	  size	  was	  >	  100bp.	  Primer	  sets	  were	  then	  removed	  if	  the	  sequences	  they	  
amplified	  were	  a	  subset	  of	  those	  amplified	  by	  a	  larger	  primer	  set.	  To	  accomplish	  this,	  
primer	  sets	  were	  first	  ordered	  from	  largest	  to	  smallest	  based	  on	  the	  number	  of	  sequences	  
they	  amplified.	  Beginning	  with	  the	  best	  primer	  pair,	  the	  sequences	  amplified	  by	  each	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primer	  pair	  were	  added	  to	  the	  global	  set	  of	  sequences	  targeted	  by	  all	  primer	  pairs.	  If	  >50%	  
of	  the	  sequences	  targeted	  by	  a	  primer	  pair	  were	  already	  present	  in	  this	  set,	  the	  primer	  set	  
was	  removed	  from	  further	  consideration.	  	  
	  
As	  a	  final	  step	  to	  ensure	  primer	  specificity,	  PCR	  amplification	  was	  simulated	  for	  each	  
primer	  pair	  on	  the	  full	  NCBI	  NR	  protein	  database.	  Primer	  sequences	  amplifying	  non-­‐
bacterial	  targets	  or	  targets	  annotated	  as	  something	  other	  than	  cellulase	  were	  removed	  
from	  consideration.	  The	  resulting	  minimally	  redundant,	  bacterial-­‐cellulase-­‐specific	  primer	  
pairs	  were	  chosen	  for	  primer	  design.	  	  	  
	  
The	  consensus	  degenerate	  hybrid	  oligonucleotide	  primer	  (CODEHOP)	  strategy174	  was	  used	  
to	  design	  degenerate	  PCR	  primers	  for	  each	  primer	  pair.	  To	  accurately	  characterize	  the	  
variability	  among	  sequences	  containing	  each	  motif,	  all	  sequences	  containing	  a	  motif	  were	  
compiled	  into	  a	  FASTA	  formatted	  file	  and	  re-­‐submitted	  to	  BlockMaker	  to	  identify	  
conserved	  amino	  acid	  blocks	  specific	  to	  each	  set	  of	  sequences.	  Blocks	  were	  used	  as	  input	  to	  
the	  CODEHOP	  program	  for	  the	  design	  of	  primers.	  Primers	  were	  designed	  using	  all	  codon	  
possibilities	  for	  the	  3’	  degenerate	  core,	  with	  a	  maximum	  degeneracy	  of	  128.	  All	  other	  
CODEHOP	  parameters	  were	  set	  to	  default.	  	  
	  
The	  resulting	  forward/reverse	  primer	  pairs	  were	  then	  tested	  for	  specificity	  and	  stability.	  
Target	  specificity	  was	  further	  confirmed	  by	  simulating	  the	  amplification	  of	  nucleotide	  
sequences	  found	  in	  NR	  for	  each	  primer	  pair.	  As	  with	  above,	  primer	  sequences	  amplifying	  
targets	  not	  annotated	  as	  cellulases	  or	  non-­‐bacterial	  targets	  were	  removed	  from	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consideration.	  AutoDimer175	  v1.0	  was	  then	  used	  with	  default	  settings	  to	  determine	  ΔG	  
values	  of	  hairpin	  formation	  and	  self-­‐dimerization.	  Primers	  that	  formed	  hairpins	  (ΔG	  <	  -­‐3.0)	  
or	  self-­‐dimerized	  (ΔG	  <	  -­‐7.0)	  were	  removed	  from	  consideration.	  Primer	  pairs	  were	  also	  
checked	  for	  the	  formation	  of	  heterodimers	  and	  discarded	  if	  they	  failed	  to	  meet	  the	  
threshold	  (ΔG	  <	  -­‐7.0).	  	  
	  
Primers	  that	  were	  verified	  as	  specific	  and	  stable	  were	  then	  aligned	  back	  to	  nucleotide	  
sequences	  of	  the	  target	  region	  using	  ClustalW.	  The	  5’	  clamps	  of	  primers	  with	  higher	  self-­‐	  or	  
heter-­‐dimerization	  tendencies	  were	  manually	  modified	  to	  minimize	  the	  occurrence	  of	  
dimerization	  by	  changing	  primer	  bases	  that	  were	  degenerate	  in	  the	  alignment.	  The	  3’	  
degenerate	  cores	  were	  not	  modified	  to	  ensure	  the	  broadest	  possible	  range	  of	  amplification.	  	  
	  
Finally,	  to	  estimate	  the	  size	  distribution	  of	  the	  amplicons	  produced	  by	  each	  of	  the	  resulting	  
primer	  pairs,	  we	  again	  simulated	  PCR	  on	  NR	  sequences.	  Proteins	  were	  trimmed	  upon	  
successful	  amplification	  by	  removing	  upstream	  and	  downstream	  positions	  falling	  outside	  
the	  amplified	  region.	  Distributions	  were	  described	  by	  histogram	  plots	  of	  amplicon	  length	  
and	  summarized	  by	  the	  mean	  and	  standard	  deviation	  of	  amplicon	  length.	  All	  statistical	  
analyses	  were	  performed	  in	  the	  R	  v3.2.1	  statistical	  environment91.	  	  
	  
4.3.5 PCR/Sequencing	  
4.3.5.1 PCR	  Amplification	  of	  Cellulases	  From	  O.	  disjunctus	  Gut	  Metagenome	  
Annealing	  temperature	  was	  optimized	  for	  all	  primer	  sets	  using	  DNA	  extracted	  from	  the	  O.	  
disjunctus	  gut	  as	  described	  above.	  Optimized	  annealing	  temperature	  was	  selected	  based	  on	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the	  presence	  of	  PCR	  product	  band(s)	  of	  the	  expected	  size	  on	  a	  1.5%	  agarose	  gel	  and	  the	  
absence	  of	  any	  product	  in	  negative	  controls.	  Negative	  controls	  contained	  only	  sterile	  DEPC-­‐
treated	  PCR-­‐quality	  water.	  	  
	  
Optimized	  PCR	  master	  mix	  contained	  1X	  Phusion	  buffer	  (Fisher-­‐Thermo	  Scientific),	  0.25	  
nM	  of	  each	  deoxynucloside	  triphosphate	  (Fisher-­‐Thermo),	  1.25	  μl	  each	  of	  forward	  and	  
reverse	  primers	  (same	  for	  all	  primers),	  0.5	  μl	  Phusion	  DNA	  polymerase	  (Fisher-­‐Thermo),	  
3μl	  DNA	  template,	  and	  7μl	  DEPC-­‐treated	  PCR-­‐quality	  water	  for	  a	  final	  reaction	  volume	  of	  
25	  μl.	  Thermocycling	  consisted	  of	  2	  minutes	  at	  98°C	  followed	  by	  30	  cycles	  of	  10	  s	  at	  98°C,	  
30	  s	  at	  the	  optimized	  annealing	  temperature	  for	  each	  primer	  pair,	  1	  min.	  at	  72°C,	  and	  a	  
final	  extension	  time	  of	  5	  minutes	  at	  72°C.	  Optimized	  annealing	  temperatures	  are	  given	  in	  
Table 10	  of	  the	  results.	  	  
4.3.5.2 Gel	  Extraction	  and	  Purification	  
Entire	  PCR	  reactions	  (25	  μl)	  were	  run	  on	  a	  1.5%	  agarose	  gel	  at	  100V	  for	  35	  minutes.	  
Individual	  PCR	  product	  bands	  were	  extracted	  only	  if	  they	  corresponded	  to	  the	  expected	  
amplicon	  lengths	  we	  observe	  in	  silico.	  PCR	  products	  from	  each	  band	  were	  then	  purified	  
using	  the	  QIAquick	  Gel	  Extraction	  Kit	  (Qiagen)	  according	  to	  manufacturer’s	  protocols	  and	  
stored	  at	  -­‐20°C	  until	  ready	  for	  cloning.	  	  
4.3.5.3 Cloning	  and	  Sequencing	  
PCR	  products	  were	  cloned	  and	  sequenced	  from	  the	  anterior	  hindgut	  of	  a	  single	  beetle	  
sample	  chosen	  at	  random.	  Sticky	  adenine	  3’	  overhangs	  were	  added	  to	  size-­‐selected	  PCR	  
products	  by	  adding	  0.5	  unit	  of	  Taq	  polymerase	  (New	  England	  Biolabs)	  and	  .25	  nM	  dATP	  
(New	  England	  Biolabs)	  to	  purified	  DNA	  and	  incubating	  at	  72°C	  for	  15	  minutes.	  The	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resulting	  DNA	  products	  were	  cloned	  using	  the	  TOPO	  TA	  cloning	  kit	  (Invitrogen,	  Carlsbad,	  
CA)	  according	  to	  the	  manufacturer’s	  protocol.	  Inserts	  were	  PCR	  amplified	  directly	  from	  
colonies	  by	  using	  the	  vector-­‐specific	  M13F	  and	  M13R	  primers.	  Clones	  were	  sequenced	  by	  
the	  Nucleic	  Acids	  Research	  Facility	  (NARF)	  at	  Virginia	  Commonwealth	  University.	  The	  
number	  of	  clones	  sequenced	  for	  each	  primer	  pair	  was	  determined	  from	  the	  results	  of	  an	  
initial	  sequencing	  run	  in	  which	  we	  sequenced	  10	  clones/primer	  pair.	  Subsequent	  
sequencing	  efforts	  focused	  on	  the	  primer	  pairs	  from	  this	  initial	  run	  yielding	  the	  highest	  
number/diversity	  of	  cellulases.	  A	  total	  of	  116	  clones	  were	  ultimately	  sequenced	  across	  all	  
primer	  pairs.	  	  
4.3.6 Bioinformatics	  	  
4.3.6.1 Sequence	  Pre-­‐Processing	  
Sequence	  filtering	  was	  performed	  using	  a	  custom	  python	  script.	  Low	  quality/failed	  
sequencing	  runs	  were	  discarded,	  as	  well	  as	  reads	  that	  did	  not	  contain	  either	  a	  forward	  or	  
reverse	  amino	  acid	  motif	  in	  any	  frame	  when	  translated.	  The	  remaining	  sequences	  were	  
then	  queried	  against	  the	  NCBI	  NR	  database	  using	  BLASTX	  (default	  parameters)	  and	  
removed	  if	  the	  top	  hit	  was	  annotated	  as	  something	  other	  than	  an	  enzyme	  involved	  in	  
cellulolysis.	  Low	  quality	  3’	  ends	  of	  sequencing	  reads	  were	  then	  trimmed	  using	  Mott’s	  
algorithm	  for	  trimming	  Sanger	  sequences	  based	  on	  chromatograms176.	  After	  removing	  the	  
vector	  backbone	  from	  the	  remaining	  sequences,	  those	  with	  length	  <300	  bp	  were	  discarded.	  	  
4.3.6.2 Clustering	  
Filtered	  sequences	  were	  clustered	  into	  “cellulase	  types”	  to	  assess	  the	  diversity	  of	  cellulases	  
identified.	  Forward	  and	  reverse	  sequencing	  reads	  were	  clustered	  separately	  because	  most	  
target	  genes	  were	  too	  long	  to	  be	  assembled	  into	  a	  single	  read.	  To	  ensure	  the	  comparison	  of	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homologous	  regions,	  multiple	  sequence	  alignments	  were	  generated	  for	  sequences	  
containing	  the	  same	  primer	  motifs	  using	  CLUSTALW.	  An	  overlapping	  region	  was	  selected	  
from	  the	  multiple	  sequence	  alignment	  to	  select	  the	  maximum	  number	  of	  sequences	  that	  fell	  
within	  a	  region	  >200bp.	  Sequences	  falling	  outside	  the	  target	  region	  in	  the	  alignment	  were	  
discarded.	  Sequences	  were	  then	  trimmed	  to	  remove	  bases	  falling	  outside	  the	  aligned	  region	  
and	  clustered	  at	  97%,	  95%,	  and	  90%	  nucleotide	  identity	  using	  CD-­‐HIT	  cluster177	  to	  assign	  
each	  sequence	  to	  a	  unique	  cellulase	  type.	  	  
4.3.7 Sequence	  Analysis	  
To assess the similarity of each cellulase type to previously characterized cellulases, 
representative sequences from each cellulase type were queried against the NR protein database 
using BLASTX. Phylogenetic reconstruction was then used to explore the relationships among 
cellulase types, as well as their relationship to the closely related gene targets identified in the 
previous step. Because cellulase types did not cover the entire length of NCBI protein sequences, 
sequences were trimmed prior to phylogenetic analysis by using a MSA computed and visualized 
in ClustalX to identify homologous positions shared among all sequences. Due to the 
considerable pairwise dissimilarity between cellulase types amplified by different primer sets, 
trimming was performed separately for each primer set to increase the accuracy of sequence 
alignments. Phylogenetic trees were then constructed from a global MSA of all sequences using 
the Neighbor-Joining algorithm implemented in MEGA178 v5.5.2. To assess the sensitivity of the 
resulting to trees to various models of sequence evolution, trees were constructed using all 
possible combinations of substitution models (Poisson, Dayhoff) and substation rates (uniform vs. 
gamma). Bootstrapping (NPerms=500) was also performed to estimate our level of confidence 
that the resulting trees were a reflection of the true evolutionary relationships among these genes.  
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4.4 Results	  	  
4.4.1 PCR	  Primer	  Design	  
Our	  simulated	  O.	  disjunctus	  gut	  metagenome	  contained	  a	  diverse	  set	  of	  cellulolytic	  bacterial	  
genomes.	  By	  utilizing	  a	  16S	  rRNA	  survey	  of	  O.	  disjunctus	  gut	  bacteria	  to	  identify	  bacterial	  
genomes	  in	  the	  CAZy	  bacterial	  genomes	  database,	  we	  identified	  a	  total	  of	  336	  distinct	  
cellulolytic	  bacterial	  genomes	  from	  exactly	  32	  distinct	  bacterial	  genera	  that	  appeared	  to	  be	  
sufficiently	  closely	  related	  to	  a	  member	  of	  the	  O.	  disjunctus	  gut	  microbiome.	  Among	  all	  
genera	  present	  in	  the	  metagenome,	  Lactobacillus	  had	  the	  highest	  representation	  with	  54	  
genomes.	  
	  
From	  the	  simulated	  metagenome,	  we	  identified	  over	  10,000	  potential	  gene	  targets	  for	  
primer	  design.	  While	  this	  number	  may	  seem	  large,	  it	  represents	  more	  than	  a	  97%	  
reduction	  of	  the	  initial	  search	  space	  contained	  within	  the	  CAZy	  database.	  Additionally,	  we	  
identified	  GH	  enzymes	  from	  every	  family	  we	  targeted	  (2,	  3,	  5,	  8,	  9,	  10,	  42,	  43)	  in	  the	  
simulated	  metagenome.	  Notably,	  the	  vast	  majority	  of	  gene	  targets	  were	  identified	  as	  
belonging	  to	  GH	  families	  3	  and	  5.	  	  
	  
From	  these	  gene	  targets,	  we	  uncovered	  a	  number	  of	  amino	  acid	  motifs	  that	  were	  conserved	  
across	  multiple	  bacterial	  genera.	  Initially,	  we	  identified	  a	  total	  of	  37	  amino	  acid	  motifs	  
collectively	  conserved	  across	  703	  gene	  targets	  from	  30	  bacterial	  genera	  in	  the	  simulated	  
metagenome	  (~7%	  of	  full	  metagenome).	  All	  conserved	  motifs	  appeared	  to	  be	  specific	  to	  
gene	  targets	  from	  GH	  families	  3	  and	  5.	  Among	  these	  37	  motifs,	  we	  identified	  16	  viable	  
forward/reverse	  primer	  combinations	  that	  could	  be	  used	  to	  amplify	  203	  (~2%)	  cellulases	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from	  18	  bacterial	  genera	  in	  the	  simulated	  metagenome	  (~2%	  of	  full	  metagenome).	  PCR	  
primer	  design	  using	  the	  CODEHOP	  strategy	  resulted	  in	  the	  elimination	  of	  several	  primer	  
pairs	  exhibiting	  either	  extremely	  high	  levels	  of	  degeneracy	  (>128)	  or	  a	  high	  affinity	  for	  self-­‐	  
or	  hetero-­‐dimerization.	  Despite	  this,	  we	  were	  able	  to	  identify	  seven	  distinct	  PCR	  primer	  
combinations	  targeting	  cellulases	  in	  the	  O.	  disjunctus	  gut	  (Table	  9).	  	  	  	  	  
Table	  9	  Summary	  of	  Final	  Primer	  Pairs.	  	  






GRNFEY	   FGHGLSY	   3	   β-­‐Glucosidase	   7	  
GRNFEY	   FGYGLSY	   3	   β-­‐Glucosidase	   6	  
GRNFEY	   FGFGLSY	   3	   β-­‐Glucosidase	   4	  
RDPRWGR	   FGHGLSY	   3	   β-­‐Glucosidase	   6	  
RDPRWGR	   FGFGLSY	   3	   β-­‐Glucosidase	   6	  
RDPRWGR	   FGYGLSY	   3	   β-­‐Glucosidase	   5	  
TFNEIN	   VENGLG	   3	   β-­‐Glucosidase	   4	  
	  
This	  final	  set	  of	  PCR	  primers	  could	  theoretically	  amplify	  156	  cellulases	  from	  5	  bacterial	  
phyla	  and	  18	  genera	  in	  the	  CAZy	  database	  (Error!	  Reference	  source	  not	  found.).	  The	  
majority	  of	  CAZy	  cellulases	  targeted	  by	  our	  primers	  came	  from	  members	  of	  the	  phyla	  
Firmicutes	  and	  Proteobacteria.	  Notably,	  our	  primers	  also	  target	  cellulases	  from	  the	  phylum	  
Spirochaeta,	  whose	  members	  are	  largely	  responsible	  for	  cellulose	  degradation	  and	  nitrogen	  
fixation	  in	  termites136.Though	  the	  cellulases	  targeted	  by	  our	  primer	  set	  are	  taxonomically	  
diverse,	  they	  appear	  to	  be	  functionally	  homogenous;	  all	  targets	  were	  classified	  as	  belonging	  
to	  GH	  family	  3	  and	  annotated	  as	  either	  “β-­‐glucosidase”	  or	  an	  equivalent	  term	  (e.g.	  β-­‐D-­‐
glucosidase,	  β-­‐1,3-­‐glucosidase).	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Figure	  38	  Bacterial	  Phyla,	  Genera	  Targeted	  By	  Final	  Primer	  Set.	  Cellulases	  in	  the	  CAZy	  database	  containing	  motifs	  
targeted	  by	  the	  final	  primer	  set	  were	  assigned	  taxonomy	  based	  on	  the	  genome	  of	  origin.	  Primer	  sets	  preferentially	  
target	  cellulases	  from	  bacteria	  in	  the	  phyla	  Proteobacteria	  and	  Bacteroidetes.	  Paenibacillus	  is	  the	  most	  targeted	  
genus,	  followed	  closely	  by	  Lactococcus.	  Notably,	  the	  primer	  set	  targets	  phyla	  most	  commonly	  implicated	  in	  
cellulose	  degradation	  in	  insects:	  Proteobacteria	  and	  Spirochaeta.	  
Perhaps	  most	  importantly,	  the	  sequence	  motifs	  targeted	  by	  our	  primers	  appear	  to	  be	  
unique	  to	  bacterial	  cellulases	  from	  GH	  family	  3.	  Confirming	  the	  prokaryotic	  specificity	  of	  
our	  primers,	  we	  were	  unable	  to	  identify	  any	  Eukaryotic	  sequences	  in	  NR	  that	  contained	  
even	  one	  of	  the	  amino	  acid	  motifs	  targeted	  by	  our	  primers.	  Additionally,	  all	  of	  the	  bacterial	  
sequences	  in	  the	  full	  NR	  database	  amplified	  by	  our	  primers	  during	  PCR	  simulation	  were	  
classified	  as	  belonging	  to	  GH	  family	  3	  using	  PFam	  HMMs.	  As	  a	  result,	  we	  have	  little	  
evidence	  to	  suggest	  these	  primers	  are	  capable	  of	  amplifying	  anything	  other	  than	  bacterial	  
β-­‐glucosidase	  genes.	  	  	  	  
	  
An	  additionally	  interesting	  outcome	  of	  PCR	  simulation	  was	  the	  finding	  that	  our	  primers	  
produce	  fragments	  of	  very	  specific	  lengths	  when	  amplifying	  known	  cellulase	  targets	  (Table	  
10).	  To	  observe	  the	  behavior	  of	  our	  primers	  when	  the	  template	  DNA	  consisted	  of	  known	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cellulases,	  we	  first	  simulated	  PCR	  on	  the	  156	  genes	  in	  the	  simulated	  metagenome	  known	  to	  
contain	  these	  motifs.	  As	  shown	  in	  Table	  10,	  each	  primer	  produced	  fragments	  that	  were	  
tightly	  clustered	  around	  the	  average	  fragment	  size	  for	  that	  primer	  pair.	  Notably,	  no	  
amplicon	  deviated	  by	  more	  than	  100	  bp	  from	  the	  average	  amplicon	  length	  for	  a	  given	  
primer	  pair.	  This	  was	  particularly	  true	  among	  TFNEIN/VENGLG	  amplicons,	  where	  no	  
amplicons	  deviated	  by	  more	  than	  17	  bp	  from	  the	  average	  TFNEIN/VENGLG	  amplicon	  
length.	  Increasing	  our	  confidence	  in	  these	  results,	  we	  observed	  nearly	  identical	  results	  
when	  PCR	  was	  simulated	  on	  both	  the	  CAZy	  genomes	  database	  and	  NR.	  Considered	  together	  
with	  the	  specificity	  of	  our	  primers	  for	  bacterial	  β-­‐glucosidase	  genes,	  these	  results	  suggest	  
successful	  amplification	  of	  real	  DNA	  using	  these	  primers	  resulting	  in	  amplicons	  
corresponding	  to	  these	  sizes	  is	  highly	  likely	  to	  indicate	  the	  presence	  of	  bacterial	  β-­‐
glucosidase	  genes	  within	  a	  sample.	  	  
Table	  10	  Forward/Reverse	  Primer	  Pair	  Summary.	  Seven	  valid	  forward/reverse	  primer	  pairings	  can	  be	  made.	  
Expected	  amplicon	  lengths	  were	  calculated	  by	  averaging	  the	  length	  of	  the	  amplicons	  generated	  in	  silico	  from	  all	  
CAZy	  sequences	  targeted	  by	  each	  primer	  pair.	  
F	  Primer	  Motif	   R	  Primer	  Motif	   Avg.	  Amplicon	  Length	  (bp)	   SD	  
Annealing	  
Temp	  (°C)	  
GRNFEY	   FGHGLSY	   1350	   33.5	   58	  
GRNFEY	   FGYGLSY	   1350	   25.2	   58	  
GRNFEY	   FGFGLSY	   1350	   18.1	   58	  
RDPRWGR	   FGHGLSY	   1800	   60.1	   59	  
RDPRWGR	   FGFGLSY	   1450	   29.4	   59	  
RDPRWGR	   FGYGLSY	   1800	   58.6	   59	  
TFNEIN	   VENGLG	   600	   8.1	   60	  
	  
4.4.1.1 PCR	  Amplification	  Of	  Bacterial	  Cellulases	  From	  O.	  disjunctus	  Gut	  DNA	  	  
Visualization	  of	  PCR	  products	  amplified	  from	  four	  O.	  disjunctus	  guts	  revealed	  the	  successful	  
amplification	  of	  DNA	  fragments	  corresponding	  to	  the	  sizes	  we	  expected	  for	  each	  primer	  set	  
(Figure	  39).	  When	  gut	  DNA	  was	  amplified	  using	  primers	  targeting	  the	  RDPRWGR	  forward	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primer	  motif,	  two	  clear	  bands	  were	  present	  across	  all	  samples	  corresponding	  to	  the	  sizes	  of	  
simulated	  amplicons	  produced	  from	  known	  cellulases	  using	  these	  primers	  (~1800	  bp,	  
~1400	  bp).	  Though	  amplification	  was	  less	  specific	  when	  primers	  targeting	  the	  GRNFEY	  
forward	  primer	  motif	  were	  used,	  the	  brightest	  band	  in	  every	  sample	  fell	  within	  the	  size	  
range	  we	  observed	  among	  simulated	  amplicons	  (1275	  bp	  to	  1419	  bp).	  Additionally,	  
amplification	  of	  gut	  DNA	  using	  the	  primer	  set	  targeting	  the	  TFNEIN	  forward	  primer	  motif	  
produced	  a	  single	  band	  of	  around	  600	  bp	  in	  all	  samples	  corresponding	  exactly	  to	  the	  size	  of	  
simulated	  amplicons	  produced	  by	  this	  primer	  set	  (~600	  bp).	  Notably,	  we	  did	  not	  observe	  
any	  bands	  in	  any	  negative	  control	  reaction,	  suggesting	  whatever	  targets	  were	  being	  
amplified	  actually	  came	  from	  the	  O.	  disjunctus	  gut.	  Providing	  an	  additional	  measure	  of	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Figure	  39	  Gel	  Electrophoresis	  of	  PCR	  Products	  Amplified	  from	  O.	  disjunctus	  Gut.	  Lane	  1:	  negative	  control	  (DEPC	  
treated	  water	  instead	  of	  sample	  DNA);	  Lanes	  2-­‐5:	  DNA	  isolated	  from	  the	  anterior	  hindgut	  of	  O.	  disjunctus	  
specimens;	  Lane	  6:	  2KB	  ladder.	  For	  comparison,	  PCR	  products	  amplified	  from	  O.	  disjunctus	  gut	  DNA	  (1A,	  2A,	  3A)	  
are	  shown	  alongside	  simulated	  PCR	  products	  amplified	  in	  silico	  from	  known	  bacterial	  cellulases	  using	  the	  same	  
primers	  (1B,	  2B,	  3B).	  The	  upper	  and	  lower	  bounds	  of	  the	  red	  bands	  shown	  in	  1B-­‐3B	  correspond	  the	  maximum	  and	  
minimum	  amplicon	  sizes	  observed	  for	  each	  primer	  set.	  Two	  red	  bands	  are	  shown	  for	  RDPRWGR	  amplicons	  because	  
their	  sizes	  were	  bimodally	  distributed	  about	  two	  very	  different	  means.	  Across	  all	  primers	  and	  beetle	  specimens,	  
the	  sizes	  of	  the	  fragments	  amplified	  from	  O.	  disjunctus	  gut	  extracts	  are	  generally	  consistent	  with	  the	  sizes	  of	  
fragments	  amplified	  by	  the	  same	  primers	  from	  known	  bacterial	  cellulase	  genes	  in	  silico.	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4.4.1.2 Sequence	  Analysis	  
At	  total	  of	  116	  clones	  were	  sequenced	  from	  a	  single	  beetle.	  After	  an	  initial	  sequencing	  of	  10	  
colonies	  from	  each	  primer	  set	  revealed	  higher	  diversity	  in	  the	  primer	  set	  targeting	  the	  
RDPRWGR	  motif,	  a	  total	  of	  27	  GRNFEY	  clones,	  57	  RDPRWGR	  clones,	  and	  32	  TFNEIN	  clones	  
were	  sequenced.	  	  
	  
Of	  the	  116	  sequenced	  clones,	  53	  (45%)	  resulted	  in	  a	  sequence	  whose	  top	  BLAST	  hit	  was	  
annotated	  as	  a	  bacterial	  cellulase.	  Interestingly,	  the	  rate	  of	  successful	  putative	  cellulase	  
amplification	  appeared	  to	  be	  significantly	  higher	  for	  the	  primer	  set	  targeting	  the	  RDPRWGR	  
motif	  than	  for	  other	  the	  other	  primer	  sets	  (Table	  11).	  In	  total,	  these	  53	  putative	  cellulases	  
constituted	  exactly	  26	  unique	  “cellulase	  types	  when	  clustered	  at	  a	  97%	  similarity	  theshold.	  
Using	  PFam	  HMMs,	  all	  cellulase	  types	  were	  confidently	  classified	  as	  belonging	  to	  GH	  family	  
3	  (p	  <	  10-­‐4).	  Increasing	  our	  confidence	  that	  these	  genes	  are	  in	  fact	  cellulases,	  none	  of	  the	  26	  
putative	  cellulase	  types	  returned	  a	  hit	  annotated	  as	  something	  other	  than	  “β-­‐glucosidase”	  
or	  an	  equivalent	  term.	  	  
Table	  11	  Success	  Rates	  of	  Each	  Primer	  Set.	  Primer	  success	  rate	  was	  defined	  as	  the	  percent	  of	  clones	  sequenced	  for	  
a	  primer	  pair	  whose	  top	  10	  BLASTX	  hits	  when	  queried	  against	  the	  NR	  protein	  database	  were	  annotated	  as	  “β-­‐
glucosidase”	  or	  an	  equivalent	  term.	  	  
Motif	   #Cellulases	   #Sequenced	   %Cellulase	  
RDPRWGR	   35	   57	   0.61	  
GRNFEY	   6	   27	   0.22	  
TFNEIN	   12	   32	   0.38	  
Total	   53	   116	   0.46	  
	  
Summarized	  in	  Table	  12,	  BLAST	  searches	  revealed	  that	  the	  vast	  majority	  of	  putative	  
cellulases	  amplified	  from	  the	  O.	  disjunctus	  gut	  appear	  to	  be	  unique	  to	  the	  host	  species.	  
Overall,	  the	  average	  amino	  acid	  percent	  identity	  between	  putative	  O.	  disjunctus	  cellulases	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and	  cellulases	  contained	  in	  the	  NCBI	  NR	  database	  was	  64%.	  Many	  cellulase	  types	  failed	  to	  
return	  even	  a	  single	  hit	  with	  >50%	  amino	  acid	  identity,	  including	  the	  second	  most	  
abundant	  cellulase	  type	  (CT1;	  44%	  identity	  to	  a	  Meliorbacter	  roseus	  cellulase).	  The	  closest	  
match	  between	  any	  putative	  O.	  disjunctus	  gut	  cellulase	  and	  a	  sequence	  in	  NR	  was	  between	  
CT26	  and	  an	  Enterrococcus	  spp.	  cellulase	  recovered	  from	  the	  termite	  gut	  (83%	  amino	  acid	  
identity).	  	  
Table	  12	  Summary	  O.	  disjunctus	  Gut	  Cellulase	  Types.	  Cellulases	  were	  clustered	  at	  97%	  identity	  and	  grouped	  into	  
cellulase	  types	  on	  the	  basis	  of	  this	  clustering.	  A	  representative	  read	  from	  each	  cellulase	  type	  was	  queried	  against	  
NCBI’s	  NR	  database	  to	  determine	  the	  closest	  previously	  characterized	  sequence.	  The	  top	  hit	  for	  all	  cellulase	  types	  
was	  another	  cellulase,	  though	  the	  degree	  of	  similarity	  	  (percent	  amino	  acid	  identify	  of	  top	  hit)	  between	  each	  
cellulase	  type	  and	  the	  top	  hit	  ranged	  widely	  (min	  =	  44%;	  max	  =	  83%).	  	  All	  cellulase	  types	  were	  classified	  as	  
belonging	  to	  GH	  family	  3.	  
Cellulase	   Motif	  	   %	  Ident.	   Phylum	   Genera	   Abund.	  
CT1	   RDPRWGR	   44	   Bacteroidetes	   Melioribacter	   6	  
CT2	   RDPRWGR	   64	   Bacteroidetes	   Prevotella	   3	  
CT3	   RDPRWGR	   77	   Bacteroidetes	   Paludibacter	   1	  
CT4	   RDPRWGR	   73	   Firmicutes	   Clostridium	   1	  
CT5	   RDPRWGR	   43	   Bacteroidetes	   Melioribacter	   1	  
CT6	   RDPRWGR	   75	   Bacteroidetes	   Bacteroides	   1	  
CT7	   RDPRWGR	   79	   Bacteroidetes	   Bacteroides	   8	  
CT8	   RDPRWGR	   79	   Bacteroidetes	   Bacteroides	   2	  
CT9	   RDPRWGR	   79	   Bacteroidetes	   Bacteroides	   1	  
CT10	   RDPRWGR	   76	   Bacteroidetes	   Bacteroides	   4	  
CT11	   RDPRWGR	   45	   Bacteroidetes	   Capnocytophaga	   1	  
CT12	   RDPRWGR	   79	   Bacterioidetes	   Bacteroides	   1	  
CT13	   RDPRWGR	   69	   Bacteroidetes	   Parabacteroides	   1	  
CT14	   RDPRWGR	   78	   Firmicutes	   Clostridium	   1	  
CT15	   RDPRWGR	   73	   Firmicutes	   Clostridium	   1	  
CT16	   RDPRWGR	   43	   Bacteroidetes	   Melioribacter	   1	  
CT17	   RDPRWGR	   75	   Bacteroidetes	   Bacteroides	   1	  
CT18	   GRNFEY	   43	   Actinobacteria	   Clavibacter	   2	  
CT19	   GRNFEY	   44	   Actinobacteria	   Streptomyces	   2	  
CT20	   GRNFEY	   50	   Actinobacteria	   Rhodococcus	   1	  
CT21	   GRNFEY	   43	   Actinobacteria	   Clavibacter	   1	  
CT22	   TFNEIN	   50	   Firmicutes	   Clostridium	   3	  
CT23	   TFNEIN	   77	   Firmicutes	   Clostridium	   3	  
CT24	   TFNEIN	   80	   Firmicutes	   Enterococcus	   2	  
CT25	   TFNEIN	   60	   Firmicutes	   Clostridium	   1	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CT26	   TFNEIN	   83	   Firmicutes	   Enterococcus	   3	  
	  
Additionally,	  the	  previously	  characterized	  cellulases	  most	  similar	  to	  those	  identified	  in	  the	  
O.	  disjunctus	  gut	  represent	  a	  taxonomically	  diverse	  set	  of	  bacteria.	  Cellulase	  types	  returned	  
hits	  from	  three	  distinct	  bacterial	  phyla:	  Bacteroidetes,	  Firmicutes,	  and	  Actinobacteria.	  
Overall,	  the	  majority	  of	  cellulases	  we	  identified—including	  the	  two	  most	  abundant	  
cellulase	  types	  (CT1,	  CT7)—were	  most	  similar	  to	  a	  cellulase	  from	  a	  member	  of	  
Bacteroidetes.	  Interestingly,	  cellulases	  amplified	  by	  each	  primer	  set	  appear	  to	  come	  from	  
distinct	  phyla.	  The	  top	  BLAST	  hits	  for	  cellulases	  amplified	  by	  primers	  targeting	  the	  TFNEIN	  
forward	  primer	  motif	  all	  belonged	  to	  Firmicutes.	  By	  contrast,	  the	  top	  hits	  for	  GRNFEY	  
cellulases	  all	  belonged	  to	  Actinobacteria.	  Though	  RDPRWGR	  cellulases	  came	  from	  both	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Figure	  40	  Phylogenetic	  Analysis	  of	  Cellulases	  Amplified	  from	  O.	  disjunctus	  Gut.	  A	  global	  multiple	  sequence	  
alignment	  computed	  for	  representative	  sequences	  from	  each	  cellulase	  type	  as	  well	  as	  the	  top	  BLAST	  hit	  returned	  
for	  each.	  The	  resulting	  alignment	  was	  used	  to	  infer	  the	  phylogenetic	  tree	  using	  the	  Neighbor-­‐Joining	  algorithm	  
implemented	  in	  MEGA	  v5.2.2.	  Five	  hundred	  bootstrap	  replications	  were	  performed	  to	  estimate	  our	  level	  of	  
confidence	  that	  the	  resulting	  tree	  structure	  accurately	  reflects	  the	  evolutionary	  history	  of	  these	  genes.	  Though	  this	  
tree	  was	  created	  under	  a	  Poisson	  model	  of	  protein	  evolution	  and	  the	  assumption	  of	  uniform	  mutation	  rates	  among	  
sites,	  tree	  structure	  was	  assessed	  using	  a	  number	  of	  different	  models	  of	  evolution/mutation.	  Tree	  topology	  was	  
concordant	  across	  all	  models.	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Phylogenetic	  analyses	  of	  the	  cellulases	  identified	  in	  the	  O.	  disjunctus	  gut	  and	  their	  top	  
BLAST	  hits	  are	  shown	  in	  Figure	  40.	  Generally,	  cellulases	  amplified	  by	  each	  primer	  set	  were	  
placed	  in	  well-­‐supported	  monophyletic	  clades	  with	  respect	  to	  each	  other.	  The	  monophyly	  
of	  both	  GRNFEY	  cellulases	  and	  TFNEIN	  cellulases	  was	  supported	  with	  100%	  bootstrap	  
support.	  In	  line	  with	  previous	  results,	  cellulases	  from	  the	  two	  bands	  amplified	  by	  
RDPRWGR	  primers	  were	  placed	  in	  two	  separate	  clades.	  Interestingly,	  RDPRWGR	  cellulases	  
appear	  to	  be	  polyphyletic,	  as	  one	  of	  its	  clades	  is	  actually	  sister	  to	  GRNFEY	  cellulases.	  
Though	  we	  could	  not	  rule	  out	  the	  possibility	  of	  long	  branch	  attraction,	  one	  explanation	  for	  
this	  might	  be	  that	  RDPRWGR	  cellulases	  are	  actually	  paralogs—possibly	  resulting	  from	  a	  
gene	  duplication	  event—while	  one	  of	  the	  clades	  is	  orthologous	  to	  GRNFEY	  cellulases.	  	  
	  
Additionally,	  phylogenetic	  analyses	  underscore	  the	  diversity	  among	  the	  cellulases	  we	  
identified	  in	  the	  O.	  disjunctus	  gut.	  Because	  the	  majority	  of	  these	  cellulases	  were	  markedly	  
dissimilar	  to	  previously	  characterized	  cellulases,	  we	  expected	  cellulases	  amplified	  by	  the	  
same	  primer	  to	  share	  a	  more	  recent	  common	  ancestor	  with	  each	  other	  than	  with	  
previously	  characterized	  sequences.	  This	  does	  not	  appear	  to	  be	  the	  case.	  Within	  the	  
TFNEIN	  clade,	  three	  of	  the	  five	  cellulases	  we	  identified	  appear	  to	  share	  a	  more	  recent	  
common	  ancestor	  with	  their	  top	  BLAST	  hit	  than	  with	  another	  TFNEIN	  cellulase.	  Within	  the	  
RDPRWGR	  clades,	  five	  of	  the	  sixteen	  cellulases	  shared	  a	  more	  recent	  common	  ancestor	  
with	  their	  top	  BLAST	  hit.	  This	  finding	  is	  especially	  surprising	  considering	  that	  the	  highest	  
level	  of	  similarity	  between	  any	  O.	  disjunctus	  cellulase	  and	  its	  top	  BLAST	  hit	  is	  83%.	  
Collectively,	  these	  results	  suggest	  not	  only	  that	  bacterial	  cellulases	  in	  the	  O.	  disjunctus	  gut	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are	  markedly	  dissimilar	  to	  existing	  sequences,	  but	  also	  that	  they	  are	  markedly	  dissimilar	  to	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4.5 Discussion	  
To	  demonstrate	  the	  potential	  role	  of	  O.	  disjunctus	  gut	  bacteria	  in	  cellulose	  degradation,	  we	  
employed	  a	  novel	  metagenomic	  strategy	  to	  design	  PCR	  primers	  that	  were	  used	  to	  amplify	  
bacterial	  cellulase	  genes	  from	  DNA	  isolated	  from	  O.	  disjunctus	  gut	  extracts.	  As	  a	  result	  of	  
this	  process,	  we	  identified	  53	  putative	  bacterial	  β-glucosidase genes representing	  26	  
distinct	  cellulase	  types	  within	  the	  gut	  of	  a	  single	  O.	  disjunctus	  specimen.	  The	  predicted	  
products	  of	  these	  genes	  appear	  to	  be	  newly	  discovered	  and	  unique	  to	  O.	  disjunctus	  gut	  
bacteria,	  sharing	  on	  average	  64%	  amino	  acid	  identity	  with	  their	  closest	  homologs	  in	  the	  
NCBI	  Non-­‐Redundant	  (NR)	  protein	  database.	  Though	  the	  identities	  of	  the	  bacteria	  coding	  
for	  these	  proteins	  is	  unknown,	  the	  cellulases	  we	  identified	  are	  most	  similar	  to	  those	  
encoded	  by	  members	  of	  Bacteroidetes,	  Firmicutes,	  and	  Actinobacteria.	  Finally,	  phylogenetic	  
analysis	  of	  the	  cellulases	  we	  identified	  demonstrated	  that	  they	  are	  markedly	  dissimilar	  
both	  to	  other	  cellulases	  in	  the	  database	  and	  to	  each	  other.	  	  
	  
Previous	  characterizations	  of	  β-glucosidases from glycoside hydrolase (GH) family 3 shed 
some light on the potential functional roles of the bacteria encoding these enzymes in the O. 
disjunctus gut. The deconstruction of cellulose—the primary structural component of plant cell 
walls—into its constituent glucose monomers is a complex process accomplished by the 
synergistic action of enzymes involved in different steps in this process150.	  Endo-­‐	  and	  
exoglucanases—perhaps	  the	  most	  critical	  enzymes	  involved	  in	  cellulolysis—initiate	  this	  
process	  by	  hydrolyzing	  the	  primary	  chain	  of	  β-­‐1-­‐4-­‐linked	  glucose	  monomers	  comprising	  
the	  backbone	  of	  cellulose.	  As	  the	  main	  chain	  gets	  degraded	  into	  successively	  smaller	  
components	  by	  these	  enzymes,	  β-­‐glucosidases	  complete	  the	  reaction	  by	  hydrolyzing	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cellobiose	  (2	  unit	  β-­‐1-­‐4-­‐linked	  glucose	  polymer)	  to	  liberate	  its	  individual	  glucose	  
monomers.	  In	  light	  of	  our	  findings,	  bacteria	  in	  the	  O.	  disjunctus	  gut	  are	  likely	  involved	  in	  
converting	  the	  downstream	  products	  of	  cellulolysis	  into	  readily	  fermentable	  glucose	  
monomers	  that	  can	  be	  used	  as	  energy	  either	  by	  these	  bacteria	  or	  the	  host.	  Notably,	  this	  
finding	  is	  consistent	  with	  the	  nearly	  ubiquitous	  presence	  of	  bacterial	  GH3	  β-­‐glucosidases	  in	  
other	  cellulolytic	  host	  organisms	  harboring	  symbiotic	  bacteria158,166,179.	  	  
	  
How	  this	  function	  relates	  to	  O.	  disjunctus	  is	  unclear.	  Like	  other	  xylophagous	  insects11,41,	  
indirect	  evidence	  suggests	  O.	  disjunctus	  relies	  on	  potentially	  coevolved	  gut	  bacteria	  in	  order	  
to	  survive	  on	  a	  recalcitrant,	  nitrogen-­‐limiting	  diet	  of	  decaying	  wood	  material49,50.	  Though	  
the	  functional	  roles	  underlying	  the	  dependence	  of	  O.	  disjunctus	  on	  its	  gut	  microbiome	  are	  
largely	  unknown,	  the	  importance	  of	  cellulolytic	  bacteria	  to	  similar	  hosts	  suggests	  cellulose	  
degradation	  may	  be	  one	  of	  the	  ways	  gut	  bacteria	  benefit	  O.	  disjunctus.	  Though	  our	  results	  
provide	  the	  first	  direct	  evidence	  that	  O.	  disjunctus	  gut	  bacteria	  are	  enzymatically	  capable	  of	  
catalyzing	  a	  specific	  reaction	  in	  the	  process	  of	  cellulose	  degradation,	  it’s	  unclear	  whether	  
these	  bacteria	  provide	  a	  benefit	  to	  O.	  disjunctus.	  Though	  O.	  disjunctus	  could	  utilize	  the	  
glucose	  monomers	  produced	  by	  the	  reaction	  catalyzed	  by	  these	  enzymes	  as	  an	  energy	  
source,	  its	  also	  possible	  that	  these	  bacteria	  might	  be	  opportunistically	  utilizing	  the	  host	  
cellulolytic	  environment	  while	  providing	  no	  benefit	  to	  the	  host	  itself.	  	  
	  
The	  novelty	  of	  these	  enzymes	  provides	  strong	  but	  insufficient	  evidence	  that	  the	  bacteria	  
encoding	  them	  provide	  some	  benefit	  to	  O.	  disjunctus.	  Previous	  studies	  demonstrate	  that	  O.	  
disjunctus	  requires	  the	  presence	  of	  certain	  microbes	  that	  can	  only	  be	  acquired	  through	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vertical	  transmission	  in	  order	  to	  survive47.	  When	  symbiotic	  bacteria	  are	  acquired	  through	  
vertical	  transmission,	  long-­‐term	  associations	  between	  hosts	  and	  bacteria	  can	  result	  in	  co-­‐
differentiation	  as	  a	  result	  of	  host-­‐associated	  bacteria	  accumulating	  mutations	  not	  shared	  by	  
their	  closest	  free-­‐living	  relatives34,45,146,180.	  Though	  long-­‐term	  associations	  can	  occur	  
between	  hosts	  and	  commensal	  bacteria,	  they	  often	  result	  from	  selective	  pressures	  acting	  
on	  hosts	  to	  maintain	  beneficial	  partnerships	  with	  symbiotic	  bacteria.	  As	  a	  result,	  the	  
novelty	  and	  potential	  functional	  importance	  of	  the	  cellulases	  we	  observed	  are	  consistent	  
with	  a	  long-­‐term	  symbiotic	  association	  between	  O.	  disjunctus	  and	  these	  bacteria.	  As	  a	  
counterpoint,	  this	  novelty	  may	  only	  reflect	  the	  incompleteness	  of	  existing	  cellulase	  
databases.	  As	  more	  cellulases	  are	  discovered	  from	  new	  environments,	  it	  may	  ultimately	  be	  
the	  case	  that	  these	  cellulases	  aren’t	  as	  specific	  to	  O.	  disjunctus	  as	  they	  appear	  to	  be	  at	  the	  
present	  time.	  	  Though	  we	  cannot	  conclude	  co-­‐differentiation	  from	  our	  results	  due	  to	  our	  
small	  sample	  size,	  it	  provides	  one	  explanation	  for	  the	  novelty	  of	  the	  cellulases	  we	  identified	  
and	  further	  evidence	  of	  the	  connection	  between	  sociality	  in	  O.	  disjunctus	  and	  its	  gut	  
microbiome.	  In	  a	  broader	  context,	  the	  results	  of	  our	  study	  underscore	  the	  links	  between	  
sociality,	  symbiotic	  microbes,	  and	  the	  ability	  of	  insects	  to	  survive	  on	  otherwise	  intractable	  
foodstuffs.	  	  
	  
Finally,	  the success of our novel method in recovering highly diverse functional genes with no 
apparent homologs from a largely uncharacterized host/system suggests it may have broader 
applications beyond the scope of this experiment. Though we only considered four specimens, 
the ability of our method to quickly scale up to explore the cellulolytic capabilities of a large 
number of O. disjunctus demonstrates its ability to combine the exploratory power of full 
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metagenomic surveys with the scalability of targeted surveys. Because	  functional	  targets	  are	  
often	  extremely	  heterogeneous	  and	  community-­‐specific—as	  evidenced	  by	  the	  dearth	  of	  
conserved	  amino	  acid	  domains	  detected	  even	  among	  cellulases	  coming	  from	  bacteria	  
related	  to	  those	  present	  in	  O.	  disjunctus—methods	  such	  as	  ours	  which	  intelligently	  restrict	  
the	  search	  space	  of	  functional	  targets	  may	  facilitate	  enzyme	  discovery	  in	  samples	  where	  
other	  methods	  fail.	  Though	  further	  work	  is	  needed	  to	  assess	  the	  generalizability	  of	  our	  
method,	  its	  successful	  application	  in	  the	  present	  study	  lends	  credence	  to	  its	  ability	  to	  detect	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6 Appendix	  
	  
6.1 Supplementary	  Discussion	  of	  Methods	  
6.1.1 De	  Novo	  Assembly	  of	  Reference	  Genome	  
We	  assembled	  a	  draft	  sequence	  of	  the	  O.	  disjunctus	  genome	  with	  minimal	  bacterial	  
contamination	  to	  reduce	  the	  impact	  of	  bacterial	  DNA	  likely	  contained	  in	  total	  DNA	  
extracted	  from	  beetle	  gut	  tissue	  on	  genotyping	  and	  downstream	  analysis.	  A	  single	  O.	  
disjunctus	  specimen	  was	  captured	  from	  Pocahantas	  State	  Park	  in	  Richmond,	  VA	  and	  kept	  
alive	  until	  dissection,	  which	  was	  performed	  the	  same	  day.	  Dissection	  of	  the	  anterior	  
hindgut	  was	  performed	  in	  the	  same	  way	  as	  described	  in	  the	  methods	  with	  an	  additional	  
step	  to	  reduce	  the	  presence	  of	  bacterial	  contamination.	  A	  small	  slit	  was	  made	  in	  the	  
anterior	  hindgut	  with	  a	  flame-­‐sterilized	  scalpel	  allowing	  the	  gut	  to	  be	  fully	  opened	  up.	  Five	  
serial	  washings	  in	  sterile	  Phosphate	  buffered	  saline	  removed	  all	  traces	  of	  the	  gut	  fluids	  
containing	  bacterial	  contaminants.	  Isolation	  of	  DNA	  from	  the	  resulting	  gut	  segment	  was	  
performed	  as	  described	  above.	  Sequencing	  of	  the	  genome	  was	  performed	  using	  a	  single	  
lane	  of	  paired-­‐end	  (1X100)	  sequencing	  with	  an	  insert	  size	  of	  400	  bp	  on	  the	  Illumina	  Hi-­‐Seq	  
platform.	  Illumina	  sequencing	  was	  performed	  by	  the	  NARF	  at	  Virginia	  Commonwealth	  
University.	  	  
	  
Processing	  of	  raw	  Illumina	  reads	  was	  performed	  to	  ensure	  the	  input	  of	  high	  quality	  reads	  
into	  the	  genome	  assembler.	  An	  initial	  quality	  check	  of	  raw	  sequences	  using	  FASTQC	  
detected	  the	  presence	  of	  spurious	  Illumina	  control	  elements	  and	  Illumina	  sequencing	  
adapters	  in	  the	  raw	  data.	  Control	  elements	  were	  removed	  using	  a	  custom	  script	  that	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removed	  reads	  if	  they	  met	  a	  similarity	  threshold	  of	  >90%	  identity	  when	  compared	  to	  a	  
database	  of	  Illumina	  control	  elements	  using	  USEARCH117.	  Adapter	  sequences	  were	  
removed	  using	  the	  program	  TRIMMOMATIC	  (PE,	  ILLUMINACLIP:2:30:10:5:true,	  
MINLEN:36).	  Reads	  with	  ambiguous	  base	  calls	  were	  removed	  using	  the	  program	  
PRINSEQ181	  (-­‐-­‐ns_max_n	  0).	  For	  read	  pairs	  where	  only	  one	  of	  the	  pairs	  failed	  to	  pass	  these	  
filters,	  the	  acceptable	  read	  was	  passed	  to	  the	  assembly	  program	  as	  a	  single-­‐end	  read.	  	  
	  
An	  initial	  assembly	  of	  filtered	  reads	  was	  created	  using	  MaSuRCA182.	  Reads	  were	  submitted	  
to	  MaSuRCA	  as	  one	  paired-­‐end	  library	  (avg	  insert	  size	  =	  400,	  standard	  deviation	  =	  60)	  and	  
one	  single-­‐end	  library	  (reads	  where	  one	  pair	  failed	  to	  meet	  quality	  thresholds).	  The	  
assembly	  was	  performed	  using	  the	  default	  settings	  for	  eukaryotic	  organisms	  suggested	  by	  
the	  MaSuRCA	  website	  (http://genome.umd.edu/masurca.html).	  The	  size	  of	  the	  jellyfish	  
kmer	  database	  used	  by	  MaSuRCA	  was	  set	  to	  12,000,000,000	  using	  the	  average	  insect	  
genome	  size	  as	  an	  estimate	  of	  the	  expected	  genome	  size	  and	  a	  coverage	  estimate	  of	  10X.	  	  
	  
The	  Blobology	  183	  method	  to	  remove	  likely	  bacterial	  contigs	  in	  our	  draft	  assembly.	  To	  
detect	  potentially	  bacterial	  contigs,	  Blobology	  to	  leverages	  the	  assumption	  that	  bacterial	  
contigs	  often	  differ	  from	  host	  contigs	  in	  GC	  percent	  and	  contig	  coverage.	  By	  visually	  
inspecting	  the	  distribution	  of	  contig	  GC	  content	  and	  read	  coverage,	  thresholds	  were	  
manually	  selected	  to	  identify	  contigs	  that	  separated	  from	  the	  main	  cluster	  (i.e.	  “Blob”)	  of	  
contigs.	  Candidate	  contigs	  with	  GC	  content	  greater	  than	  55%	  and	  contigs	  with	  an	  average	  
read	  depth	  greater	  than	  20X	  were	  then	  compared	  to	  the	  NCBI	  bacterial	  genomes	  database	  
and	  the	  NCBI	  insect	  genomes	  database	  using	  MEGABLAST126.	  If	  a	  candidate	  contig	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preferentially	  returned	  hits	  from	  the	  bacterial	  database,	  the	  contig	  and	  all	  reads	  mapping	  
to	  the	  contig	  were	  removed	  from	  the	  set	  of	  filtered	  reads	  used	  to	  make	  the	  draft	  assembly.	  
A	  custom	  script	  was	  used	  to	  remove	  reads	  identified	  as	  belonging	  to	  putatively	  bacterial	  
contigs.	  A	  final	  draft	  assembly	  was	  created	  from	  the	  resulting	  set	  of	  de-­‐contaminated	  reads	  
using	  MaSuRCA.	  Assembly	  settings	  were	  unchanged	  from	  the	  initial	  assembly.	  	  
	  
Basic	  assembly	  metrics	  for	  the	  draft	  assembly	  were	  computed	  using	  QUAST184	  (Figure	  41)	  
and	  the	  completeness	  of	  the	  assembly	  assessed	  using	  CEGMA185.	  CEGMA	  estimates	  the	  
completeness	  of	  the	  genome	  by	  determining	  the	  percentage	  of	  Eukaryote-­‐specific	  universal	  
housekeeping	  genes	  present	  in	  the	  assembly.	  The	  final	  GC%	  of	  the	  assembly	  was	  40%,	  
approximately	  the	  average	  among	  insect	  genomes,	  which	  are	  notably	  AT-­‐rich.	  The	  largest	  
contig	  in	  the	  assembly	  was	  just	  over	  100,000bp,	  and	  the	  N50	  of	  the	  overall	  assembly	  was	  
1,737.	  CEGMA	  results	  indicate	  the	  assembly	  is	  reasonably	  complete:	  full	  gene	  sequences	  for	  
58%	  of	  CEGMA	  genes	  and	  partial	  gene	  sequences	  for	  81%	  of	  CEGMA	  genes	  were	  present	  in	  
the	  assembly.	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Figure	  41	  QUAST	  Assembly	  Metrics	  of	  Final	  Assembly.	  	  
6.1.1.1 Effect	  of	  Missing	  Data	  Patterns	  on	  Population	  Structure	  
To	  eliminate	  the	  possibility	  that	  the	  population	  structure	  we	  observed	  was	  an	  artifact	  of	  
missing	  genotype	  patterns,	  FST	  estimates	  and	  PCAs	  were	  re-­‐computed	  using	  subsets	  of	  loci	  
with	  decreasing	  amounts	  of	  missing	  genotypes.	  The	  full	  set	  of	  genotypes	  was	  subset	  to	  
include	  loci	  with	  <40%,	  <30%,	  <20%,	  and	  <10%	  missing	  genotype	  calls.	  FST	  and	  PCAs	  were	  
then	  re-­‐computed	  for	  each	  set	  of	  genotypes.	  The	  sensitivity	  of	  FST	  and	  PCA	  structure	  to	  the	  
amount	  of	  missing	  data	  indicates	  how	  likely	  the	  observed	  patterns	  are	  due	  to	  non-­‐random	  
patterns	  of	  missing	  data.	  To	  determine	  whether	  spatial	  patterns	  of	  genetic	  structure	  could	  
be	  an	  artifact	  of	  spatial	  patterns	  of	  missing	  data,	  Pearson’s	  correlation	  coefficient	  was	  
calculated	  between	  the	  percentage	  of	  missing	  data	  and	  longitude/latitude	  of	  each	  sample.	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6.1.2 Supplementary	  Discussion	  of	  Results	  
6.1.2.1 Comparison	  of	  SNP	  Calling/Filtering	  Strategies	  
The	  ratio	  of	  transitions	  (purine	  to	  purine	  or	  pyrimidine	  to	  pyrimidine)	  to	  transversions	  
(purine	  to	  pyrimidine	  or	  pyrimidine	  to	  purine)	  observed	  in	  a	  SNP	  dataset	  (abbreviated	  as	  
Ti/Tv	  ratio)	  can	  be	  used	  as	  an	  initial	  quality	  metric.	  Though	  this	  ratio	  in	  theory	  should	  be	  
0.5	  when	  transitions	  and	  transversions	  are	  equally	  likely,	  studies	  in	  mammals186	  
consistently	  reveal	  a	  bias	  that	  skews	  this	  ratio	  toward	  2:1	  in	  favor	  of	  transitions	  in	  natural	  
systems.	  Though	  there	  is	  some	  evidence	  to	  suggest	  this	  ratio	  may	  not	  be	  as	  universal	  as	  
once	  suspected187,	  a	  Ti/Tv	  ratio	  of	  around	  2.0	  is	  typically	  interpreted	  as	  reflecting	  high	  
quality	  SNP	  calls.	  Though	  there	  is	  evidence	  that	  a	  Ti/Tv	  ration	  of	  around	  2.0	  is	  less	  
universal	  than	  previously	  though,	  significant	  deviations	  from	  2.0	  in	  either	  direction	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Figure	  42	  Comparison	  of	  Ti/Tv	  Plots	  for	  Different	  SNP	  Calling/Filtering	  Strategies.	  	  
As	  shown	  in	  Figure	  42,	  the	  average	  Ti/Tv	  ratio	  was	  around	  2.3	  for	  SNPs	  identified	  by	  the	  
two	  most	  conservative	  SNP	  calling/filtering	  strategies	  and	  around	  2.5	  among	  SNPs	  
identified	  by	  the	  least	  conservative	  strategy.	  This	  provides	  an	  initial	  measure	  of	  confidence	  
that	  the	  SNPs	  identified	  by	  the	  two	  most	  conservative	  strategies	  are	  consistent	  with	  what	  
we’d	  expect	  for	  real	  SNPs.	  By	  contrast,	  the	  elevated	  Ti/Tv	  ratio	  identified	  by	  our	  least	  
conservative	  strategy	  suggests	  this	  method	  may	  have	  been	  too	  aggressive	  and	  that	  the	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As	  expected	  based	  on	  hard	  filtering	  criteria,	  we	  also	  observed	  significant	  differences	  in	  the	  
minor	  allele	  frequency	  (MAF)	  distribution	  of	  SNPs	  identified	  by	  the	  different	  strategies.	  The	  
minor	  allele	  frequency	  is	  defined	  as	  the	  frequency	  of	  the	  less	  common	  allele	  (SNPs	  are	  by	  
definition	  bi-­‐allelic	  so	  an	  allele	  is	  either	  the	  major	  or	  minor	  allele)	  across	  the	  whole	  dataset	  
and	  is	  commonly	  used	  to	  infer	  the	  sensitivity	  of	  SNP	  calling/filtering	  strategies.	  In	  general,	  
the	  level	  of	  confidence	  in	  a	  SNP	  is	  proportional	  to	  the	  minor	  allele	  frequency.	  For	  example,	  
when	  the	  minor	  allele	  frequency	  is	  0.5	  in	  a	  dataset	  of	  this	  size	  (188	  individuals),	  we	  are	  
confident	  the	  position	  is	  a	  true	  variable	  position	  as	  ~96	  individuals	  support	  both	  variants.	  
By	  contrast,	  when	  only	  1	  or	  2	  individuals	  in	  a	  dataset	  share	  a	  different	  allele	  than	  all	  other	  
individuals,	  its	  more	  likely	  that	  SNP	  is	  the	  result	  of	  sequencing	  error.	  	  
	  
Figure	  43	  Comparison	  of	  Minor	  Allele	  Frequency	  distributions	  by	  SNP	  calling/filtering	  Strategy.	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As	  shown	  in	  Figure	  43,	  the	  average	  minor	  allele	  frequency	  differs	  by	  SNP	  calling/filtering	  
strategy.	  The	  average	  MAF	  for	  the	  most	  conservative	  strategy	  was	  0.12,	  whereas	  this	  value	  
was	  0.10	  and	  0.08	  in	  the	  moderate	  and	  least	  conservative	  strategies,	  respectively.	  One	  
potential	  explanation	  for	  the	  elevated	  Ti/Tv	  ratio	  we	  observed	  in	  SNPs	  identified	  by	  the	  
least	  conservative	  strategy	  may	  be	  the	  inclusion	  of	  SNP	  positions	  that	  are	  in	  fact	  
sequencing	  errors.	  This	  would	  explain	  the	  large	  number	  of	  SNPs	  identified	  by	  this	  method,	  
the	  elevated	  Ti/Tv	  ratio,	  and	  the	  prevalence	  of	  SNPs	  with	  low	  MAFs.	  By	  contrast,	  the	  
concordant	  Ti/Tv	  ratios	  of	  SNPs	  identified	  by	  the	  two	  more	  conservative	  strategies	  and	  the	  
decreased	  MAF	  of	  the	  more	  moderately	  conservative	  strategy	  suggests	  this	  strategy	  
resulted	  in	  the	  most	  optimal	  balance	  of	  sensitivity	  (more	  true	  positives)	  and	  specificity	  
(less	  false	  negatives).	  	  
	  
6.1.2.2 Sensitivity	  of	  FST	  Estimates	  to	  SNP	  Calling/Filtering	  Strategy	  
	  Though	  we	  observed	  significant	  populations	  structure	  in	  all	  datasets,	  the	  magnitude	  of	  this	  
differentiation	  was	  different	  for	  different	  SNP	  calling/Filtering	  strategies.	  	  
Table	  13	  Comparison	  of	  Global	  Fst	  by	  SNP	  calling/filtering	  Strategy.	  	  
Filtering	  Strategy	   Global	  FST	  
Most	  Conservative	   0.0758	  
Moderately	  Conservative	   0.0421	  
Least	  Conservative	   0.395	  
	  
As	  shown	  in	  Table	  13,	  the	  level	  of	  population	  differentiation	  we	  observed	  was	  directly	  
proportional	  to	  how	  aggressively	  we	  filtered	  low-­‐quality	  SNPs.	  Global	  FST	  was	  highest	  in	  
the	  most	  conservative	  dataset	  (0.0758)	  and	  lowest	  in	  the	  least	  conservative	  dataset	  
(0.395).	  Though	  this	  may	  reflect	  either	  the	  absence	  of	  true	  low	  frequency	  variants	  in	  the	  
most	  conservative	  dataset	  or	  the	  presence	  of	  false	  low	  frequency	  variants	  in	  the	  less	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conservative	  datasets,	  there	  appears	  to	  be	  considerable	  “noise”	  coming	  from	  low	  frequency	  
alleles	  that	  weren’t	  discovered	  by	  the	  most	  conservative	  strategy.	  In	  either	  case,	  it’s	  not	  
clear	  from	  these	  data	  what	  the	  true	  value	  is.	  Critically,	  the	  main	  conclusions	  of	  our	  study	  
would	  not	  be	  significantly	  altered	  if	  any	  one	  of	  these	  values	  were	  found	  to	  be	  the	  true	  value.	  	  
	  
6.1.2.3 Sensitivity	  of	  FST	  to	  Missing	  Data	  
Non-­‐random	  patterns	  of	  missing	  data	  could	  potentially	  introduce	  false	  patterns	  of	  
population	  structure.	  Though	  we	  found	  the	  population	  structure	  uncovered	  by	  PCA	  to	  be	  
robust	  to	  the	  level	  of	  missing	  data	  (i.e.	  the	  patterns	  are	  likely	  not	  the	  result	  of	  non-­‐random	  
patterns	  of	  missing	  data),	  we	  also	  tested	  FST	  to	  determine	  whether	  patterns	  of	  population	  
structure	  might	  be	  caused	  by	  non-­‐random	  patterns	  of	  missing	  data.	  To	  assess	  the	  
sensitivity	  of	  FST	  to	  missing	  data	  patterns,	  we	  calculated	  a	  bootstrapped	  FST	  estimate	  for	  
SNP	  subsets	  containing	  increasingly	  small	  amounts	  of	  missing	  data	  (from	  <40%	  missing	  
data	  to	  <10%	  missing	  data).	  	  
	  
As	  shown	  in	  Figure	  44,	  bootstrapped	  FST	  estimates	  provide	  no	  evidence	  that	  the	  population	  
structure	  we	  observed	  is	  a	  result	  of	  missing	  data.	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Figure	  44	  Sensitivity	  of	  FST	  to	  the	  Amount	  of	  Missing	  Data.	  	  
Though	  point	  estimates	  of	  FST	  do	  go	  down	  as	  the	  amount	  of	  missing	  data	  decreases,	  the	  
confidence	  intervals	  around	  these	  estimates	  almost	  completely	  overlap.	  If	  the	  population	  
structure	  we	  observed	  was	  an	  artifact	  of	  missing	  data	  patterns,	  we	  would	  expect	  the	  
amount	  of	  population	  structure	  uncovered	  by	  FST	  to	  approach	  0	  as	  the	  missing	  data	  
responsible	  for	  this	  structure	  was	  removed.	  Ultimately,	  these	  results	  provide	  an	  additional	  
line	  of	  evidence	  that	  the	  population	  structure	  we	  observed	  reflects	  the	  real	  population	  
structure	  of	  O.	  disjunctus.	  	  	  	  
	  
	  
	  
	  
